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Abstract
Huang, Xudong. Ph.D. The University of Memphis. August 2016. Exploring Students’ Use of
Explanatory Help During Math Problem Solving in Interactive Learning Environments. Major
Professor: Xiangen Hu, Ph.D.

Help-seeking is a crucial behavior during learning in interactive learning environments
(ILEs). Appropriate help-seeking promotes learning, while inappropriate help-seeking prohibits
learning. However, many students are unaware of effective help-seeking behaviors. Therefore,
research is needed to examine how students seek help in ILEs. Although worked examples are
an important help type in ILEs, they have received little attention in this domain. Therefore, the
current research investigated students’ interaction with worked examples in an ILE. Specifically,
this research classified students’ help-seeking behaviors in an intelligent tutoring system (ITS)
called ALEKS and examined the association between the help-seeking behaviors and
mathematics learning outcomes. Additionally, this work tested the relationship between students’
help-seeking behaviors and several factors related to the student and the problem. The results
revealed seven help-seeking behaviors related to worked examples. Three of them were
associated with better learning and were viewed as recommended help-seeking behaviors; the
other four were associated with worse learning and were viewed as non-recommended helpseeking behaviors. Additionally, the results showed that students with high prior knowledge and
attendance engaged in more recommended help-seeking behaviors and fewer non-recommended
help-seeking behaviors. Furthermore, students engaged in different help-seeking behaviors
depending on individual and topic characteristics. The current research provides an initial test of
help-seeking behaviors of all kinds in the context of a worked-example-based ITS, which is an
important foundation to create a help-seeking model for ILEs using worked examples, and the
results offer a strong supplement for the existing theory of help-seeking in ILEs (e.g., production
rule model). Moreover, the findings can offer guidance for the design of ILE help functions. This
iii

work can also provide instructions for ILE classroom teachers to monitor student help-seeking
behaviors and encourage the effective use of system help, and to instruct students to optimally
utilize the help of the ILE to achieve better learning.
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Exploring Students’ Use of Explanatory Help during Math Problem Solving in Interactive
Learning Environments
Context of Problem
Technology-enabled learning environments are widely used in different domains.
Such environments can be led by humans (e.g., presentation using PowerPoint) or led by
computers (e.g., interactive learning environments, ILEs; Psotka, 2012). In such
environments, learners generate four types of interactions: interactions between learner
and content, learner and instructor, learner and other learner (Moore, 1989), and the
learner’s interaction with technological learning environments (Hillman, Willis, &
Gunawardena, 1994). Each interaction type has numerous forms. Take learners’
interactions with technological environments, for example. This type of interaction can
include listening to lectures, partaking in forum discussions, asking the system for help,
mind wandering, and so on. As can be expected, some interactions promote learning
whereas others interfere with learning. Also, the effect of the interactions will vary across
learning environments. Therefore, it is important to study and understand the mechanisms
and effects of various learning interactions. However, due to this broad range of
interaction types, current studies do not sufficiently explain the mechanisms of effective
learning (Huang, 2002), and a large number of new findings are emerging (e.g., Sullins,
Craig, & Hu, 2015). The goal of the current research was to investigate a type of
interaction between learners and technological learning environments that has been
seldom studied, with the goal of understanding its features and searching for effective
learning behaviors that can improve the learner-environment interaction. Specifically,
this research explored the student behavior of seeking system help in a computer-led
1

interactive learning environment (ILE). More specifically, this research examined
learners’ request for system help in an intelligent tutoring system (ITS) that uses worked
examples as system help.
Help-seeking is an important and well-studied learning behavior in classroom
environments, but ILEs provide a new and interesting scenario to extend such research. A
number of questions remain unanswered concerning student help-seeking behaviors in
ILEs (Roll, Baker, Aleven, & Koedinger, 2014). An obvious advantage of researching
help-seeking in ILEs is that ILEs can provide objective measurements of help-seeking
behavior, which is distinctly lacking from the current empirical studies on help-seeking
(Huet, Dupeyrat, & Escribe, 2013). ILEs record all of the students’ interactions with the
system (e.g., mouse clicks, keyboard input, etc.) and save these interactions in log files
(for examples see Roll et al., 2014). These recorded interactions provide abundant
objective data for all kinds of interactions, including help-seeking. Mining of such finegrained data can yield insight into the occurrence of different help-seeking behaviors (e.g.,
requesting help only after getting the problem wrong), and help to identify their causes.
Identifying the causes of various help-seeking behaviors will allow us to classify these
behaviors (e.g., help avoidance and help abuse) and ultimately examine their effects on
learning outcomes.
In addition, it is important to understanding help-seeking in ILEs because learning
in an ILE is self-regulated, thus problem solving relies heavily on students’ active helpseeking. Although ITSs tend to provide automated learning interventions, the learner’s
awareness of needing help, making the decision to seek help, and using the help mainly
require self-monitoring and regulation. As such, learners should be equipped with
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effective strategies for seeking assistance in order to achieve their learning goals.
However, there is considerably little research exploring the role of help-seeking in
automatic learning systems (Roll et al., 2014), which leaves a great need to research
technology-supported help-seeking.
Worked examples, one type of help that ILEs can offer, have been used widely in
teacher-led classrooms, particularly in fields where learning relies heavily on problem
solving, such as mathematics, physics, and computer programming. Worked examples
typically include a problem statement and all the steps required to solve the problem
(Craig, Chi, & VanLehn, 2009). Worked examples have been observed to provide a high
degree of assistance, especially for students with low prior knowledge, and for difficult
learning materials (Chen, Kalyuga, & Sweller, 2015).
Despite the effectiveness of worked examples, the use of worked examples in
ILEs is only supplementary to other help types (e.g., hints). This likely derives from the
application of a classical learning principle of classroom learning to ILEs. The
transplanted learning principle is based on previous research showing that the
combination of problem solving and worked examples has a larger effect on learning than
problem solving alone (Clark & Mayer, 2003; Koedinger, Booth, & Klahr, 2013).
However, in this research the application of this principle in ILEs (i.e., replacing problem
solving by worked examples) has generated inconsistent learning effects. Specifically,
while some studies found no promotion of learning (McLaren, Lim, Gagnon, Yaron, &
Koedinger, 2006; McLaren, Lim, & Koedinger, 2008), other studies found encouraging
effects (Salden, Aleven, Renkl, & Schwonke, 2009; Salden, Aleven, Schwonke, & Renkl,
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2010; Salden, Koedinger, Renkl, Aleven, & McLaren, 2010; Schwonke et al., 2009).
Given these inconsistent findings, more research is needed in this domain.
The development of an ITS using worked examples as the only source of help in the
practice interface (e.g., Assessment and LEarning in Knowledge Spaces, ALEKS) provides an
exciting and rare chance to understand the effect of worked examples in ITSs. The ALEKS
learning environment also provides a unique opportunity in that the effect of worked examples in
this ITS is not combined with other types of help. A study on ALEKS (Craig et al., 2013) found
that students learning with ALEKS sought less help from the human teacher in the classroom
compared with students taught by human teachers, but performed similarly well in the
standardized state math test. This study implies that the students who learned with ALEKS used
the help from the system – worked examples – to replace the help from teachers, and that worked
examples can help students as well as teachers. This finding demonstrates the great effect of
worked examples as the single source of help in ITSs. However only a few investigations have
been conducted examining the individual effect of worked examples (McLaren et al., 2006). Kim,
Weitz, Heffernan, and Krach’s study (2009) found that worked examples are helpful for both
conceptual and procedural problems, whereas tutored problem solving is more helpful with
procedural problems. Mathan and Koedinger’s (2002) study reported a positive effect of worked
examples, but only when students worked on these examples with the ITS providing feedback on
correctness and instructions to fix errors.
In general, the effect of help-seeking on learning in ILEs is not completely clear,
especially the effect of help-seeking in the context of using worked examples. Many
studies in this domain (e.g., McLaren et al., 2006; McLaren et al., 2008; Salden et al.,
2009; Salden, Aleven et al., 2010; Salden, Koedinger et al., 2010; Schwonke et al., 2009)
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tend to mix the effect of worked examples with the effect of hint-based problem solving,
limiting our understanding of the effect of worked examples alone. This suggests a need
to comprehend the unique effect of worked examples.
Statement of the Problem
The current study used fine-grained data from an off-the-shelf intelligent tutoring system,
ALEKS, to investigate students’ use of worked examples, one important kind of system help in
ILEs. Specifically, this research (1) identified students’ help-seeking behaviors related to
worked examples, (2) examined how the behaviors were associated with mathematics learning,
(3) investigated the relationship between personal characteristics and help-seeking behavior
choices, and (4) investigated the relationship between problem characteristics and help-seeking
behavior choices.
Research Questions and Hypotheses
The Primary research questions, secondary research questions, and corresponding
hypotheses of the current research are listed in Table 1.
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Table 1
Primary Research Questions, Secondary Research Questions, and Corresponding Hypotheses of
the Current Research
Primary Research
Questions
What are the help-seeking
behaviors of students using
a worked-example-based
ITS?
Do help-seeking behaviors
correlate with good or bad
math learning?

Secondary Research
Questions
-

Hypotheses

Can help-seeking behaviors
found in this research show
differences on the attempt
mastery of ALEKS topics?

Some help-seeking behaviors
observed in this research are
related to better mastery of
ALEKS topic attempts while the
remaining observed behaviors are
related to worse mastery.
Some help-seeking behaviors are
related to better performance on a
standardized state math test,
while the remaining observed
behaviors are related to worse
performance.
Students with different
characteristics engage in different
help-seeking behaviors.

Can the observed helpseeking behaviors show
differences on students’
performance on a
standardized state math test?
Do personal characteristics
correlate with students’
strategy use?

Do problem characteristics
correlate with students’
strategy use?

Do students’ gender,
ethnicity, program
attendance, and prior
knowledge correlate with
engagement in different
help-seeking behaviors?
Does the topic of the
mathematics problem
correlate with engagement in
different help-seeking
behaviors?

Descriptive analyses

Different math topic types are
related to different help-seeking
behaviors.

Research Questions that Can be Answered by ALEKS, but are Not Feasible and Beyond
the Focus of the Current Dissertation
The data used in the current research, the ALEKS learning sequence log, are fine-grained
data automatically recorded by the system. A learning sequence is a series of actions a student
made in one topic attempt (see Figure 1 for three examples of topic attempt). Information saved
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in the log includes the topic title, the starting time when student began a practice session, and the
outcome of the practice (correct, wrong, explain, added to pie [added to a pie chart to show what
has been learned and what the student is ready to learn], and failed).

Figure 1. Three sample learning sequences automatically recorded by ALEKS system. “Added
to Pie” refers to addition of information to a pie chart that is provided to students to show what
they know and what they are ready to learn.

The purpose of the learning sequence log is to let teachers know the behavior students
showed in the ALEKS system. Therefore, for a concise display, the data omit a large number of
details, such as the time duration the student spent on practicing or on reading a worked example.
Another example of missing information is the detailed errors students made. Though we can
know that a response to a practice problem is wrong, it is hard to know the detailed errors that
the student made for each of the wrong answers. That is because to view the details of a question
and its wrong answer, the system only allows the teacher to manually click a hyperlink (blue
words in Figure 1) to open the cached page. The cached pages can only be seen one question per
one click, and the link to the cached pages eventually expires, which makes it unavailable for
7

automatic batch downloading. Furthermore, additional analysis needs to be done at the problem
level to represent the errors with numeric values. Thus it is very difficult to analyze the error
details. Additionally, the system withdraws access to the learning sequence log after four years,
which limits the chance to trace back deeper details that would explain an interesting finding.
Moreover, though the system computes the probability that one student can solve a math topic
and uses this information to recommend topics for the student, this information is not open to the
users, in an effort to protect the core ALEKS technology.
Therefore, with purposeful omissions and technical difficulties obtaining information,
many interesting research questions are hard to answer with existing ALEKS data. Below are
several examples of research questions that cannot be answered given the above mentioned
limitations: (1) Time spent on activities: Did the students spend enough time on the problem
before requesting worked examples? Did the students spend enough time on reading worked
examples? (2) What are the help seeking actions students made outside of the practice interface,
such as searching the glossary after leaving a topic attempt? (3) What are the common errors
students made and do they trigger different help-seeking behaviors afterwards? (4) What is the
probability of a student succeeding on the current problem and what is its effect on the tendency
to try or to seek help?
Certainly, the investigation of such topics would deepen the understanding of helpseeking in ITSs and help with identifying factors that drive help-seeking behaviors. However,
analysis of the available data, namely the ALEKS learning sequence log, can also make
important contributions to the domain, which will be illustrated in the following section.
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Significance of the Study
One of the three major contributions of this research is to explore the characteristics of
students’ behavior while reading worked examples in an ILE, a topic that is currently unclear and
seldom studied, and which remains an important research question for learning in ILEs. Previous
research on help-seeking largely focused on the effect of context-sensitive hints, which is a help
type that is different from worked examples. The findings from the current study can strongly
supplement the existing theory of help-seeking in ILEs (e.g., production rule model; Aleven,
McLaren, Roll, & Koedinger, 2006). In addition, the comparison between the findings from
previous studies and those of this research can help distinguish the efficacy differences between
worked examples and hints on learning.
Second, the exploration will use the fine-grained data of a large-scale two-year field
study (Craig et al., 2013), which provides a large amount of detail to do analysis on the actionby-action level. The data from the study revealed that learning in ALEKS depends heavily on
reading worked examples (i.e., 15% of total actions are requesting worked examples), and offers
a solid foundation to comprehend the mechanism behind help-seeking behaviors. Also, the finegrained data are from about 400 6th grade students who interacted with ALEKS for a whole year.
The data include student performance in the system as well as student performance on
standardized state tests. Hence, the data can be used to explore the causal relations between
specific behavior patterns and learning outcomes. The large volume of data allows analysis from
all three dimensions: actions (e.g., reading worked examples rather than trying to solve a
problem), learners (e.g. students with low vs. high prior knowledge), and knowledge concepts
(e.g., concepts topics from different skill areas). The findings will enrich the literature on worked
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examples, and should be used as the first step towards creating a theoretical model of helpseeking in worked-example-based ITSs.
Last, the typical activities found in various help-seeking behaviors can be used as the
indicators of real-time student monitoring and predict help-seeking behavior in ITSs. Also,
interventions can be executed when help-seeking behaviors related to poor learning are detected.
Therefore, this work can be used to improve the tutoring system design, and facilitate students’
use of system help in a desired way.
Review of Literature
Definitions
Interactive learning environments (ILEs). ILE is a common name for computer-based
instructional systems. Such systems have been applied to broad areas such as academic, informal,
and work-related domains (Psotka, 2012). Generally, ILEs present to learners typical problems,
projects, and tasks in the domain, and scaffold learners to solve the problems and acquire the
required skills (Aleven, Stahl, Schworm, Fischer, & Wallace, 2003). In these environments, we
can observe learning content interaction (e.g., working on problem), learner-learner
communication (e.g, online chat), and learner-instructor communication (e.g., human teacher or
virtual tutor; Liaw & Huang, 2013). Intelligent tutoring systems, the focus of this research, are a
specific type of ILE.
Intelligent tutoring systems (ITSs). ITSs are computer systems that aim to adapt to the
needs of users and provide customized instructions and feedback to individuals without
intervention from a human (Self, 1999; Woolf, 2009). With an ITS, students receive customized
learning materials, personal mistake identifications and proper formative feedback. The
revolution of the microcomputer in the 1970s promoted the application of personal computers as
10

individual tutors and led to the development of ITSs. ITSs have been used in education systems
ranging from elementary school to higher education (Woolf, 2009) Moreover, several ITSs have
been successfully commercialized. Two significant examples are Assessment and LEarning in
Knowledge Spaces (ALEKS; www.aleks.com) and Cognitive Tutor from Carnegie Learning Inc.
(Koedinger, Corbett, & Ritter, 2000).
Help-seeking. Help-seeking is a common behavior in academic, work, and personal
environments. The current research focused on help-seeking behaviors in academic
environments. Academic help-seeking is a complex decision-making process that starts from a
problem that students cannot solve by themselves. A typical help-seeking process has five steps:
(1) become aware of a problem; (2) decide to seek help; (3) identify potential source of help; (4)
implement strategies for getting help, and (5) evaluate the help-seeking attempt (Nelson-Le Gall,
1981; Newman, 1994). Academic help in ITSs is not provided by humans (teachers or peers) but
instead by the system. ITS help can be context-sensitive, such as providing hints, feedback and
worked examples; or context-insensitive, such as providing a webpage with a glossary (Aleven,
2013).
Worked examples. Worked examples, also known as worked-out examples, are a
popular academic type of help provided to students. A worked example usually
comprises a statement of the problem, a step-by-step solution, and the final answer
(Atkinson, Derry, Renkl, & Wortham, 2000; Renkl, Stark, Gruber, & Mandl, 1998).
Worked examples are widely used in fields that rely heavily on problem solving, such as
mathematics, physics, and computer programming (Craig et al., 2009).
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General Introduction to Help-Seeking
The research on help-seeking in academic environments began with classroom
studies. These studies showed that help-seeking is an important effector of students’
learning performance and an important behavior to facilitate independent skill mastery
(Karabenick & Newman, 2006). Interestingly, however, advanced students seek help
frequently (Pintrich, 2004), whereas lower-performing students who need assistance the
most are the least likely to seek it (Goldberg & Spain, 2014).
It is noteworthy that seeking help does not necessarily guarantee learning gains
and knowledge mastery. That is, the ways of utilizing help affect learning gains. For
example, students seeking ready-made answers rather than attempting the problem lose
the opportunity to improve their skill. The students who have recognized that help is
needed but choose not to seek it also waste the opportunity to improve their skill. On the
other hand, the students who only seek help when needed and try the problem when
capable, can improve their skill because they are actively involved in learning with the
intention of understanding the material, and are focused on deep meaning (Huet et al.,
2013). For these students, help functions act as scaffolding for further task
accomplishment (Karabenick, 1998).
A large number of factors work as drives, and more interestingly, obstacles in seeking
help. Therefore, the early help-seeking research mainly dealt with the question of why students
do not seek help that is so plainly needed (Good, Slavings, Harel, & Emerson, 1987; Karabenick,
& Knapp, 1991; Newman & Goldin, 1990; Ryan, Pintrich, & Midgley, 2001). Specifically, the
typical individual-orientated factors that prevent help-seeking include: need for autonomy,
threats to self-esteem, achievement goals, perceived academic competence, and attitudes about
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learning. Butler (1998), for instance, observed three reasons why elementary school students
avoid seeking help: (1) an endeavor for independent mastery; (2) concerns about concealing low
ability, and (3) beliefs that seeking help would not help task completion. Among the three
reasons, the first likely stems from the need for autonomy; the second stems from the public
threat to self-esteem; and the third stems from students’ attitudes about learning.
Common social-orientated factors of help-seeking avoidance are related to social
competence and social-goal orientation. Take social competence as an example. Students who
are sensitive about their performance being observed by others may avoid asking for help,
especially when in group environments, holding the belief that seeking help will publicly expose
their weakness. Therefore, help-seeking not only involves overt behaviors, but also mental
processes, as shown in a popular help-seeking model (Nelson-Le Gall, 1981; Newman, 1994):
1) Become aware of a problem, which means that students recognize the
difficulties they face.
2) Decide to seek help, in which stage students realize that they cannot solve the
problem by themselves, and intend to seek help from an external source.
3) Identify a potential source of help, such as teacher, peers, internet, or
intelligent tutoring system.
4) Implement strategies for getting help, in which students request help that is
appropriate in that particular situation.
5) Evaluate the help-seeking attempt, in which students reflect upon the help
received to determine whether they can successfully solve the problem. If the
help received is viewed as not fulfilling the need, the students decide to restart
the help-seeking process or even turn to another help source.
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Help-Seeking in the Interactive Learning Environment
Reasons for and advantages of investigating help-seeking in ILEs. Aside from the
consistent focus on help-seeking in classrooms, advanced technology can have important
implications for help-seeking. The influx of research on this topic comes from the popularization
of ILEs. In ILEs, human help (e.g., by teachers or peers) can be replaced by computerized help,
and bring in variations in help-seeking’s effect on learning. System help in ILEs can be contextsensitive, such as providing hints, feedback, and worked examples, or context-insensitive, such
as providing a webpage with relevant knowledge.
An important difference of ILEs compared to traditional classroom environments is that
ILEs reduce the social obstacles of seeking help in public. Although the motivational factors
working in a classroom context are not entirely absent in ILEs, the privacy between student and
computer does decrease the perceived threat to self-esteem, need for autonomy, and other
sources of motivational discomfort (Karabenick, 2011; Karabenick, & Puustinen, 2013; Makara,
& Karabenick, 2013; Mäkitalo-Siegl, & Fischer, 2011). Furthermore, learning in ILEs relies
more on help-seeking than in classrooms because the learning process is self-regulated (Roll et
al., 2014). In a classroom setting, even when students do not realize their need for help, their
teacher can often see them struggling and actively offer help. The existing artificial learning
systems cannot detect students’ need for help as precisely as human teachers, although
researchers have made significant progress on monitoring student brain waves, facial expressions,
verbal language, and gestures (AlZoubi, Fossati, D’Mello, & Calvo, 2015; D’Mello, Graesser, &
Picard, 2007; Szafir & Mutlu, 2012). Students’ self-regulation plays an important role in the
interactions with ILEs. When “wheel-spinning” (i.e., frequently providing incorrect answers to a
single problem) during problem solving, the students’ awareness of their need for help, decision
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to seek help, and actual implementation of the help all require self-monitoring and regulation. As
such, students should be equipped with effective strategies for seeking and using assistance in
order to achieve their learning goals. However, studies have shown that students, especially lowperforming students, do not know how to seek help (Goldberg & Spain, 2014; Good et al., 1987;
Karabenick, & Knapp, 1991; Newman & Goldin, 1990; Ryan et al., 2001; Pintrich, 2004).
Therefore, there is a great need to research help-seeking behaviors in technology-led
environments.
Researching help-seeking behaviors in ILEs provides unique advantages
compared to help-seeking research in classroom environments. An obvious advantage is
that ILEs can provide objective measurements of help-seeking behavior, which is a
distinct disadvantage of current empirical studies of help-seeking behavior (Huet et al.,
2013). Measurements that are easy to implement in the classroom tend to be subjective,
such as self-report questionnaires administered after a course (Karabenick & Knapp,
1991). The log files of an ILE, on the other hand, provide objective data, recording all
student actions within the learning systems (e.g., Roll et al., 2014). Some interesting
help-seeking related activities captured by ILE log files include: correctness of answers,
clicks on help buttons, and time spent on using help (Clarebout & Elen, 2009). The
mining of these fine-grained data can yield insight into what help-seeking behaviors
students engage in, as well as how these behaviors relate to learning outcomes.
Common system help in ITSs. Help-seeking in an ILE, according to Aleven (2013), is
defined as a behavior taking place during a learning activity, and it involves a student taking the
initiative to seek assistance from a source within or outside the learning environment, as opposed
to persisting at trying to make progress independently. The help sources outside the systems can
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come from human agents (e.g., teacher, tutor, or peer student), or from books, manuals or online
webpages. The internet has become a popular platform for help-seeking (Tricot & Boubee, 2013).
Google, Wikipedia, YouTube tutorials and online forums are places students often visit for help.
Common internal sources of assistance in ILEs include hints, worked examples, and glossaries
(Aleven, 2013). A hint states what the student can do as the next step and the reason (Aleven,
Roll, McLaren, & Koedinger, 2016). A worked example comprises a statement of the problem, a
step-by-step solution, and the final answer (Atkinson et al., 2000). Glossaries contain definitions
of terms as well as important theorems in the domain (Koedinger & Aleven, 2007). Hints,
worked examples, and glossaries are usually “on-demand” help. In other words, they tend to be
provided when the students request them (i.e., click help button). As early as the 1990s,
Anderson et al. had found that students better remember materials that they generated, compared
to materials presented to them. The finding was implemented later as a design principle of ITSs
(i.e., do not volunteer help and instead primarily provide help upon student request; Anderson,
Corbett, Koedinger, & Pelletier, 1995). In addition, help from the system can be divided as
context-unspecific or context-specific. Glossaries are context-unspecific help, whereas hints and
worked examples are context-specific. Usually the glossary of domain knowledge is contentfixed, no matter when and why the learners seek it. On the other hand, hints and worked
examples can be adaptive to the problem and/or learners’ skill level, and are therefore contextspecific. Research has found that the learning effects are different between context-sensitive
help and glossary assistance. The use of context-sensitive help can effectively improve
performance whereas the use of a glossary does not affect performance (Bartholomé, Stahl,
Pieschl, & Bromme, 2006). The current research only focused on context-sensitive help and did
not examine the effect of glossary help.
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Hints are a common type of system help in ILEs. ILEs often use complex problems as the
task for students to work on and learn. Such problems can be broken down into steps. Guidance
is provided to solve single steps of the problems, and can be called context-specific or contextsensitive (e.g., Andes Physics, Vanlehn et al. 2005; Cognitive Tutor, Anderson et al., 1995).
Stepwise guidance includes both feedback about correctness and hints (Vanlehn et al. 2005). In
some cases, hints can be requested at any time during the problem solving process. For example,
Geometry Cognitive Tutor provides a button marked “Hint” at the top right of interface, and
students can click on it anytime (Alevon, 2013). Generally, a set of hints is available for a single
problem step, with general information preceding more specific suggestions. When a student
reads through a sequence of hints, the hints become more and more specific. The last hint,
referred to as “bottom-out hint,” is the answer and solution to the step, and essentially turns the
open problem step into a worked example for students to study (Koedinger & Aleven, 2007).
Worked examples are another type of system help in ILEs. Though not used as widely as
hints, worked examples are especially useful in domains where learning relies heavily on
problem solving, such as mathematics and physics (Craig et al., 2009). The introduction of
worked examples will be elaborated in detail in the later section “Worked Examples as System
Help.”
Approaches to Studying Help-Seeking Behaviors in ITSs
Model tracing and Bayesian knowledge tracing. One method to model help-seeking
behaviors is to use model tracing and Bayesian knowledge tracing (Aleven, McLaren, Roll, &
Koedinger, 2006; Aleven et al., 2016; Anderson et al., 1995). This method was developed from
the Cognitive Tutor research team (Aleven et al., 2016) and was used to create the production
rule model, the first help-seeking model in an ITS.
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Model tracing is used to create a rule-based model that captures possible “preferred,”
“acceptable,” and “unacceptable” help-seeking behaviors in the context of learning with an ITS.
The created rule-based model consists of “production rules.” To create the model, several
assumptions about seeking help and problem attempts were made. For seeking help, preferred
and acceptable help requests only occur when students have spent a reasonable amount of time
on the problem before the help request. Help-seeking is “preferred” when learners recognize the
problem as unfamiliar, or make an error and do not know how to solve the problem, or perceive
the previous provided help as unhelpful. “Acceptable” help requests occur when students selfassess the problem as familiar but are still not completely clear about the solution, or when
students request a second hint. All other situations are treated as unacceptable help-seeking (i.e.,
help requests that are not necessary; Aleven et al., 2006). For problem attempts, preferred
attempts are attempts made by the student after reading a helpful hint, or are attempts on a
familiar problem rather than an unknown problem. “Not preferred, but acceptable” problem
attempts are those attempts that turn out to be correct, but are not system recommended. These
attempts can be viewed as hasty, or the system believes that the student should be seeking help
instead of making problem attempts (Aleven et al., 2006). All other attempts are treated as
unacceptable attempts.
Based on the above assumptions, a general framework of help-seeking and problem
attempts in an ITS was proposed (Aleven et al., 2006; see Figure 2). The framework was detailed
in about 80 IF-THEN production rules to cover as many learner strategies and metacognitive
cycles as possible (Aleven, 2013). The IF part of the rules describes the current actions, and the
THEN part lists the sequential actions.
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Figure 2. Schematic drawing of desired help-seeking and learning behaviors in production rule
model. Adapted from “Toward meta-cognitive tutoring: A model of help seeking with a
Cognitive Tutor” by V. Aleven, B. McLaren, I. Roll, & K. Koedinger, 2006, International
Journal of Artificial Intelligence in Education, 16, p.107. Copyright 2006 by IOS Press and the
authors.

An example production rule is: IF the student is reading a hint, THEN the student should
deliberately read and think about the hint, and decide whether to request the next hint (Aleven,
2013). When a student’s action matches this production rule, the system classifies the action as a
preferred help-seeking behavior; otherwise, it is classified as an unacceptable help-seeking
behavior.
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In order to identify student behavior using production rules, the ITS needs to measure the
knowledge level of a student on the worked-on problem, the time a student should spend on a
step, and the student’s ability to solve the problem-step without help. Thus, Bayesian knowledge
tracing is used to analyze these parameters for every student activity in an ITS.
An advantage of using IF-THEN production rules to model learning activities is that they
are concrete and measurable. The rules can be directly used by a computer to classify the
students’ learning strategies. The evaluation of the IF-THEN production rules on earlier
collected data sets revealed that the classified help-seeking “bugs” strongly and negatively
correlated with students’ post-test performance, indicating the model is a good predictor of
learning gains (Aleven et al., 2006).
A drawback of this approach is its great demand for student information. As mentioned
before, to run the model, the system needs to estimate a student’s knowledge level in the problem,
evaluate how much time a student should spend on the current step, and assess whether a student
can get the step right without help. All of these calculations are needed for each problem step and
each student action in the system. For studies where time data are difficult to collect (e.g., the
current research) or the ITS deals with complex problems (e.g., computer programming), it is
hard to apply this approach and get good estimates.
Dynamic Bayesian network parameter learning. This method was applied to the log
data of the Andes physics tutoring system (Muldner, Burleson, Van de Sande, & VanLehn, 2011),
in order to assess the impact of system help on students’ learning. The researchers (Mulder et al.,
2011) were interested in the non-recommended help-seeking behavior, “gaming the system.” The
goal of the basic algorithm of dynamic Bayesian network parameter learning is to calculate the
probability of a problem being gamed given that the student is a high or low gamer and the
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problem is a high or low gamed problem (e.g., P(gamed = true | problem = low, student = high)
= ?). The results revealed that individual student qualities had a bigger impact on gaming the
system than factors regarding the problem.
This method is a new educational data mining (EDM) technique and can supplement
traditional statistical methods such as linear regression and correlation. However, this method
does not explore potential help-seeking strategies by itself. Researchers need to propose a
behavior manually (e.g., gaming the system), define the representative activity, rate problem
attempts and possible impacting factors as true (the activity occurs/the factor exists) or false (the
activity is absent/the factor does not exist), and lastly calculate the probability of the behavior
occurrence given the existence of impacting factors.
Clustering. The clustering method is used to cluster students by their behaviors in the
ITS and by other learning measurements, then observe the center of the clusters and look for the
typical characteristics of these student groups. Bouchet, Harley, Trevors, and Azevedo (2013)
applied this method on MetaTutor, a multi-agent ITS tutoring human circulatory system, in order
to profile typical student groups, and then examine whether such student groups show
differences on self-regulated learning processes (e.g., seeking help, evaluate learning material
with a learning goal). They collected data on 26 variables, 12 of which were behavior and
knowledge measurements for clustering (e.g. pretest, time on reading content, time on learning
session) and 13 were self-regulated learning behaviors for cluster evaluation, and 1 was the
posttest for cluster evaluation. The study found three typical student groups clustered through
Expectation-Maximization clustering, and the groups did show differences on self-regulated
learning behaviors. The findings suggest that student profiling through clustering is effective,

21

and that the profiles found can be used to indicate real-time system monitoring and to predict
different self-regulated learning types.
The advantage of this method is its great flexibility. Clustering does not have a pre-set
model and assumptions (e.g., as in model tracing), so this approach can be adapted to ITSs with
various settings, and make cross-comparisons achievable. However the clustering variables of
Bouchet et al. (2013) did not include students’ activity sequence in problem solving, which
would provide a helpful and fine-grained measurement of student’s self-regulated learning.
Discrete Markov models and k-means clustering. A fourth method to investigate helpseeking behaviors is to use Discrete Markov models (DMM) and k-means clustering (Köck &
Paramythis 2011). This method was chosen as the method of the current research. This method
has been applied to the Andes ITS (Köck & Paramythis, 2011) and a computer programming
tutor (Vaessen, Prins, & Jeuring, 2014) to explore help-seeking behaviors. To apply this
approach, activity sequences of learning attempts in an ITS are needed (e.g., correct-wrong-helpleave). First the Markov model is used to learn the transition probabilities between activity states.
Next it must be decided which significant features (i.e., transition probabilities) are related to
help-seeking. These features are then selected for use. Last, the selected transition probabilities
of all learning attempts are clustered into several clusters, with each cluster presenting a typical
help-seeking behavior.
Specifically, the discrete Markov model views an activity as a state, and two continued
activities as a state transition, and then calculates the probability for transitions. Consider a
learning sequence that contains N states; the DMM model will calculate N*N transition
probabilities for this sequence, with all transition probabilities with the same initial state adding
up to 1. Take Köck and Paramythis’s study (2011) as an example. Starting from a correct try, all
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possible transition probabilities are: correct-correct, correct-incorrect, correct-seek help, correctend. A transition probability of 0.8 of correct→correct means that, given a correct try, there is an
80% chance that the student will get the problem correct on the next try.
Given that the current research question concerns help-seeking, the state transitions that
are related to help-seeking were chosen from all state transitions occurring in the dataset. Then a
k-means clustering was applied to this subset of data. The attempts with similar transition
probabilities were aggregated into clusters. The clustering had an assumption: A student only
engages in one type of help-seeking behavior in one learning attempt. Thus the clustering of all
learning attempts could allocate the attempts sharing the same behavior. The average
probabilities in a cluster were the core features of a behavior.
Using this method, Köck and Paramythis (2011) revealed three help-seeking behaviors in
the Andes ITS: trial and error, avoid submitting wrong answers but request help often, and avoid
seeking help. Vaessen et al. (2014) discovered five help-seeking behaviors in a computer
programming tutoring system: seek little help, click through hints for a step, directly seek
solution, seek step solution step by step; and try a while then seek full solution.
The major advantage of the clustering method is that it is computationally inexpensive
and can be feasibly used in a wide variety of applications. The method does not require a great
deal of information, such as action time and student skill level. What it requires is only the action
sequence in learning attempts, information that is relatively easy to collect. Also the method can
be applied to ITSs of various designs because it does not have restrictive and detailed
assumptions, unlike the other methods (e.g., Bayesian knowledge tracing prefers first attempt of
a topic). Thus, no matter which help type ITSs use, the method is applicable. This wide
application offers a platform to compare the behaviors from various systems and find the
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commonalities and differences. Therefore, this method is a good approach for the initial
exploration of a research domain and will provide an illustrative example for future studies.
Help-Seeking Behaviors Found in Hint-Based ITSs
Research on Cognitive Tutor identified three major types of help-seeking bugs and eleven
detailed subcategories (Aleven et al., 2006). The three major types were help abuse, help
avoidance, and try-step abuse. Help abuse is to ask for assistance, but only look for final
solutions rather than trying to figure out the problem by following hints. Such behaviors only
involve shallow information and do not promote a deep understanding of the content. Help
avoidance is the preference to put down any answer rather than seeking help even when
recognizing that help is needed. This behavior prevents students from acquiring knowledge
relevant to the problem. Try-step abuse involves solving a step hastily and then getting it wrong,
when the student is capable of making a correct try.
The opposite of these behaviors are effective help-seeking behaviors, which are not
asking for hints when capable of trying, asking for help when needed, and solving the problem
patiently with full effort. Particularly when starting to solve a problem, students should spend
time thinking about steps. If students are not familiar with the step, students should ask for a hint.
If students are familiar with the step, they should think whether they have a sense of the exact
solution; if students have the sense of the exact solution, students should then try the step. If
students do not have a sense of what to do, then they should search the glossary. When students
ask for a hint, they should spend time reading the hint and judge whether the hint is helpful. If
the hint is helpful then students should try the step, and otherwise they should ask for another
hint. When students read a glossary, they should think whether they have a sense of what to do.
If not, then students should ask for hint; if yes, they should then start to try a step. When trying a
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step and getting it wrong, students should think of whether they know how to fix the error. If yes,
they should try the step again. If not, they should then ask for a hint (Aleven et al., 2006).
Effective help-seeking behaviors are beneficial for learning because the students are actively
involved in the process and the help only functions as scaffolding for further task
accomplishment (Karabenick, 1998).
Research on the Cognitive Tutor and the Andes physics tutoring systems reported one
other popular help-seeking behavior that is related with poorer learning: gaming the system
(Baker, Corbett, Roll, & Koedinger, 2008; Muldner et al., 2011). The typical behavior of gaming
the system is to attempt to obtain correct answers by exploiting properties of the system’s help
and feedback rather than by learning the material and trying to use that knowledge to answer
correctly (Baker et al., 2008). Gaming the system is highly correlated with the help-seeking bug
mentioned above, namely help abuse (Muldner et al., 2011).
Research on a computer programming tutor (Vaessen et al., 2014) found five helpseeking behaviors: little help, click through help, direct solution, step by step, and quick solution.
“Little help” means little help was requested during practice. “Click through help” suggests
behavior that continuously asks for hints, from general to specific, and mostly ends with asking
for the solution. “Direct solution” describes a behavior that involves starting an exercise and
immediately asking for the solution and then finishing the exercise. “Step by step” is related to a
specific function of this ITS: Students can ask for the exact code for each step of a programming
task. Specifically, this behavior involves the student first asking for the code for this step, pasting
it in their answer, and then moving on to the next step and continue pasting. “Quick solution” is
the behavior that starts with trying an exercise for a while, then asking for the solution and
stopping the exercise.
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“Little help” cannot be identified as a recommended or non-recommended behavior
because students who know the skill do not need help whereas students who do not know the
skill may avoid requesting help. “Click through help,” “Step by step,” “Direct solution,” and
“Quick solution” are similar to the non-recommended help-seeking behaviors of help abuse
(Aleven et al., 2006) and gaming the system (Baker et al., 2008). Similar to help abuse, students
exhibiting these four behaviors were looking for solutions of the current step or the whole
problem rather than trying to figure out the problem by following the hints. Similar to gaming
the system, the students could obtain the answer by exploiting properties of the system’s help.
Individual Factors and Help Use
Studies have shown that gender is an important factor that affects students’ help use in
ITSs. Four studies involving an ITS called Wayang (Arroyo, Burleson, Tai, & Muldner, 2013)
showed that before, during and after students’ learning with the ITS, gender differences occurred
consistently. Specifically, females welcomed more help given by the system and spent more time
reading it, and therefore benefited more from it, especially when a female virtual tutor was
presented to encourage effort and perseverance. Conversely, males performed better when no
virtual tutor was presented and worse when a female tutor was presented. A later study (Vail,
Boyer, Wiebe, & Lester, 2015) also supported this gender difference in the use of system support.
Prior knowledge of the domain is one other important individual factor to investigate.
Studies have found that low prior knowledge is closely related to extended help-seeking (i.e.,
asking for help frequently; Bartholoméet al., 2006; Wood & Wood, 1999). Students with less
prior knowledge of the domain tend to ask for help more often than those with more prior
knowledge. Interestingly, however, with a more detailed analysis, researchers found that the
students with higher prior knowledge were more likely to seek help after an error, which is a
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recommended help-seeking behavior (Wood & Wood, 1999). Students with lower prior
knowledge requested less help after errors, even though they made errors more frequently and
had a harder time self-correcting these errors. This indicates that students with better domain
knowledge are actually more effective help seekers.
Many other individual factors are also relevant to help-seeking behavior (Aleven et al.,
2003). Because they are not of the direct interest of the current research, the introduction to these
factors is brief. For example, while self-regulation and critical thinking positively affect helpseeking, an increase in age leads to decreased help-seeking (Dunn, Rakes, & Rakes, 2014). In
addition, whereas personal interest did not affect context-sensitive help use, self-estimated
competence and belief had a positive impact on help use (Bartholoméet al., 2006). Also,
achievement goals are a good predictor of why students engage in different help-seeking
behaviors (Vaessen et al., 2014). Interestingly, cognitive individual factors seem to not affect
university students’ help-seeking behavior. Stahl and Bromme (2009) manipulated metacognitive
instructions to university students in order to induce different help-seeking behaviors, but found
that no matter which instruction the students received, they were all able to adapt their helpseeking behaviors to the problem difficulty. Students even used the glossary for difficult
problems, which is a rarely observed behavior. Therefore all students achieved a similarly high
score on the test. The authors argued that all university students can perform recommended helpseeking behaviors, and help-seeking is mainly dependent on motivation.
Worked Examples as System Help
General introduction to worked examples. Though not as popular as hints,
worked examples are one type of system help used by ITSs. Worked examples have been
found to be very helpful in classroom environments, especially when used in domains
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where learning relies heavily on problem solving, such as mathematics, physics, and
computer programming. Worked examples typically include a problem statement and a
procedure to solve the problem that includes all necessary steps (Craig et al., 2009), and
they are especially helpful for students with low prior knowledge, and for difficult
learning materials (Atkinson et al., 2000; Chen et al., 2015). Solving a problem usually
requires a heavy working memory load. This heavy load creates a high bar for novices,
because novices need extra cognitive resources to process relevant domain principles and
to apply them during problem solving. Worked examples reduce the memory load by
providing full guidance on how to solve a problem, and therefore leave space for
knowledge understanding (Chen et al., 2015; Renkl, 2005). Hence, worked examples
strongly facilitate initial skill acquisition.
Results from a meta-analysis showed that worked examples have a strong effect
on learning. Problem solving assisted by worked examples strongly benefits learning,
while unassisted problem solving does not help (Alfieri, Brooks, Aldrich, & Tenenbaum,
2010). Furthermore, the skill learned in a task with worked examples can be transferred
to similar scenarios and effectively prevent error (Hutchins, Wickens, Carolan, &
Cumming, 2013). Several factors impact the effectiveness of worked examples. Selfexplanation plays the strongest role on what can be learned from a worked example (Chi
& Bassok, 1989). Because worked examples are procedural applications of principal
concepts in textbooks, in order to optimize learning from worked examples, students
should actively construct an interpretation (i.e., self-explain) for each step of the worked
examples within the context of relevant concepts. If self-generated explanations are not
adequate in relating to the concepts, the learning fails. In other words, a good self-
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explanation brings in concepts and their interrelations, whereas poor explanations only
paraphrase the surface information presented in an example. The adequacy of a student’s
self-explanation is related to the student’s success with solving the problem (Chi &
Bassok, 1989).
Other mediating factors that affect the effectiveness of worked examples include
example design and the arrangement of multiple examples (Atkinson et al., 2000). The
design of the examples, especially the design of example solutions, has an effect on
example learning. For instance, text is one typical way to present solutions. However,
excess text usage may burden students’ working memory, and dilute the benefits of
studying worked examples (Atkinson et al., 2000). The extent of using examples is also
important. Multiple examples are necessary when students are learning difficult concepts,
whereas one example is sufficient for easy concepts. Also, pairing examples with each
practice creates more learning gains than reading examples alone in classrooms
(Arkinson et al., 2000).
Some non-significant findings have also greatly contributed to the field.
Hoogerheide, Loyens, and van Gog (2014) examined whether the form of examples could
affect learning outcomes. The study presented to participants three example types by
video: worked examples, modeling examples with a visible model, and modeling
examples without a visible model. The video of worked examples only had written text
and pictures of problem states. The video of modeling examples with a visible model
showed a human model demonstrating the problem and a human voice speaking out the
text. The final type, modeling examples without a visible model, showed only pictures of
problem states, and spoken text with a human voice. The result found no performance
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differences between these three forms on problems of the same structure, no differences
on problems that were slightly more complex, and no differences on learner motivations
such as self-efficacy and perceived competence. This finding supports the high learning
efficacy of worked examples with a wide range of formats.
Effect of worked examples on tutored problem-solving ITSs. Contemporary
research on the effect that worked examples have on learning in ITSs mainly focuses on a
single question. Namely, can worked examples be added to current hint-based ITSs to
enhance learning gains? In other words, the current studies mainly investigate the mixed
effect of worked examples and other system helps such as hints. The study of the unique
effect of worked examples on ITS learning is rare.
The current research trend of viewing worked examples as learning enhancers
comes from a learning principle found in classrooms: The combination of worked
examples and problem solving has a larger effect than problem solving alone (Clark &
Mayer, 2003; Koedinger et al., 2013). The principle stems from research starting as early
as the 1980s. In 1987, for instance, Zhu and Simon found that students could master an
algebra skill quickly by working through examples, as long as the examples were well
arranged and appropriate. Mwangi and Sweller (1998) also found that, in a classroom
environment, students working with examples outperformed students who solved
traditional arithmetic problems.
ILE developers have tried to transplant this learning principle to ITSs with the
hope of replicating the robust effect found in classroom environments. Current ITSs
usually use problem solving as the tutoring environment and use context-sensitive hints
as help, but do not present worked examples to students (Aleven et al., 2006). The
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principle of worked examples encourages replacing some problem solving practices with
the reading of worked examples, and the students’ limited working memory capacity can
be saved for processing the domain knowledge and its application in the problem (Salden
et al., 2009). This offers a great potential for helping low-prior-knowledge students.
However, the partial replacement of tutored problem-solving with worked examples in
ITSs did not always generate robust learning as expected. McLaren and his colleagues (McLaren
et al., 2006; McLaren et al., 2008) embedded worked examples into Cognitive Tutor for
chemistry but did not observe better learning outcomes for this example of enriched tutoring.
The result was observed in students in both high school and college. The researchers (Koedinger
& Aleven, 2007; McLaren et al., 2006) argued that the observed advantages of worked examples
in classrooms may be due to the fact that the studies only compared this method with
unsupported problem-solving. Intelligent tutoring systems are very different from classroom
environments. Many intelligent tutoring systems provide comprehensive tutoring during the
problem solving process (e.g., Cognitive Tutor). Specifically, ITSs often divide a problem into
multiple steps. In a single step, ITS designers may provide several hints in order to meet diverse
student proficiency. As mentioned before, the benefit of worked examples comes from reducing
excessive cognitive load. However, by giving immediate feedback and knowledge support the
ITS is already reducing this cognitive strain for students. Therefore, in such an environment, the
learning advantage of replacing problem solving with worked examples is not easily observed.
However, the reason for the non-effect may also be because the studies introduced above
only let students observe a worked example rather than have them work through a worked
example. When tutored problem solving was combined with “faded” worked examples in an ILE
(i.e., students need to work through part of a worked example), the effect of worked examples
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was detectable and robust; students in a faded worked example group showed good learning
behaviors, spent less time mastering procedural skills and developing conceptual understanding
(Schwonke et al., 2009). The fading procedure involves first presenting students with a complete
worked example, then presenting them with incomplete examples that only omit one step at a
time until finally only the problem is left. This fading procedure can be seen as a process of
encouraging students to work on the worked example.
Later studies further investigated the effect of faded worked examples when they
occurred either in a fixed way or adaptively (Salden et al., 2009; Salden et al., 2010; Salden et al.,
2010). The adaptive fading takes into account the students’ performance on prior problems.
Based on the student’s prior performance in earlier problems that employed the same geometry
theorem, the system decides whether to present the problem steps as problem solving or worked
examples. Results indicated that the adaptive fading of worked examples was superior to fixed
fading of worked examples or problem-solving-only on task performance of both delayed
posttests and transfer tests.
Additionally, the proportion of worked examples in tutored problem solving was studied,
and was found to affect only the learning of easy procedural knowledge (Schwonke, Renkl,
Salden, & Aleven, 2011). Schwonke and his colleagues created five combinations of worked
examples and problem solving, ranging from zero worked steps plus five steps-to-be-solved to
four worked steps plus one step-to-be-solved. Students’ learning outcomes from these five
conditions showed that, for easy principles, problem solving alone was favored for procedural
knowledge. For difficult principles, all combinations showed similar performance. Also, for
conceptual knowledge, students did not perform differently between conditions.
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Based on prior studies, a guideline about how to add worked examples to hintbased ITSs was proposed (Renkl & Atkinson, 2007). In the early stages of skill learning,
learners should be presented with worked examples to better gain domain knowledge.
When knowledge increases, the worked-out steps should gradually fade and be replaced
by problem solving. At the end, students should be able to solve problems on their own.
Also, the examples presented should be in close proximity to practical problems
(Atkinson et al., 2000). However, there are still some significant open questions about
this guideline (e.g., how do individual differences affect the appropriate time for fading to
begin).
Research on unique effect of worked examples. In recent years, tutoring
systems that use worked examples as the main system help gradually emerged (e.g.,
ALEKS). The emergence of such systems provides an opportunity to study the unique
effect of worked examples on ITS learning. Craig et al. (2013) found that students who
learned with ALEKS sought less help from teachers in the classroom compared with
students taught by teachers, but performed equally well in the posttest. This study implies
that the students who learned with ALEKS used the help from the system – worked
examples – to replace the help from teachers, and that worked examples can help students
as much as teachers do. This finding indicates the high efficacy of worked examples as
the single source of help in an ITS. However, the existing studies on the unique effect of
worked examples are limited, and it is still unclear how students use this type of help in
ITSs and how worked examples impact learning gains.
Currently, only a few studies have investigated the unique effect of worked examples and
these have reported several scattered findings. Mathan and Koedinger’s study (2002) reported
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only a partially positive effect of worked examples on learning. They created two example
conditions: active examples, which require students to complete some of the work, and passive
examples, which only let students watch video illustrations. Students who were in the active
examples condition had better learning but only when the ITS provided feedback on correctness
and instructions to fix errors. When students themselves identified the discrepancy between their
answers and ideal answers, the positive effect of examples was lost. Furthermore, a follow-up
study did not replicate the positive effect (Mathan, 2003). However, an evaluation of a workedexample-based ITS on engineering problems found a large learning gain compared to working
conventional textbook problems (Skromme et al., 2015). Additionally, a worked-example-based
ITS on computer programming called ChiQat-Tutor generated better learning gains for students
using worked examples, compared to students who received analogy explanations (Harsley et al.,
2016). In addition, Kim and his colleagues’ (2009) study found that worked examples were
helpful for both conceptual and procedural problems, whereas tutored problem solving was more
helpful with procedural problems.
From the review above, we can see that studies that have focused on the unique effect of
worked examples in ITSs leave many questions unanswered. Also, these studies do not delve
into the action details of students’ interactions with worked examples. This is likely because
ITSs seldom use worked examples as the only source of help. The lack of such a help
environment was a limitation of these studies. However, ALEKS, one off-the-shelf system that
has been used widely from elementary school to college, uses worked examples as the only
source of assistance in its practice interface. Therefore, it allows researchers to investigate the
unique effect of worked examples in ITSs. In addition, the students’ learning activities in the
system provide an opportunity to analyze the unique effect of worked examples on a fine-grained
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level. Therefore, the current research will use ALEKS as the learning environment and explore
students’ help-seeking behaviors in this system. In the following section, I will elaborate on the
design and learning effect of the ALEKS system, with the focus on the design of the help
function.
ALEKS and its Efficacy in Mathematics Learning
Design of ALEKS. Theory of design. ALEKS is a web-based learning system with
artificial intelligence components. Its artificial intelligence is based on Knowledge Space Theory
(Falmagne, Koppen, Villano, Doignon, & Johannesen, 1990). The theory allows a subject, such
as 6th grade math, to be parsed into approximately 370 basic concepts, with a structure of
millions of possible knowledge states (known as “Knowledge Spaces”). Instead of giving scores
to describe a student’s overall mastery of the subject, the theory allows for a precise description
of what the student knows, does not know, and is ready to learn. A student’s competence can
then be described by the set of concept-related problems that the student is capable of solving.
Initial diagnosis of student ability. For the initial diagnosis, ALEKS uses 25 to 35
questions to uncover the knowledge state of a particular student. At the beginning of the test,
each knowledge state is given some initial probability. If the student answers a question
(problem type) correctly, then each knowledge state containing that problem type is increased in
probability. If the student answers incorrectly, then each of those states is decreased in
probability. The process iterates until there is one knowledge state with a much higher
probability than the others, which reveals the problem type the student is ready to learn.
Choosing topic to practice and requesting help. ALEKS then provides to the student, in
the form of a pie chart, a summary of what the student knows and is ready to learn (see Figure 3
for screenshot). In this interface, students can choose a topic they are interested in practicing.
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There are six topic types (i.e., six pieces of pie in Figure 3; e.g., “Algebra”, “Geometry”) in
ALEKS. When the cursor is on a pie, the system presents several sub-topics (commonly one to
five) of that topic type (e.g., “Algebra”) for a student to choose. These topic choices are
customized on the student knowledge level and all have a high probability that the student is
ready to learn them. By clicking on a topic, the student will be brought to the practice interface
(Figure 4). Here the student needs to work on a series of problems until accumulating a certain
number of successes in order to achieve topic mastery. The system help, namely worked
examples, can be requested in the practice interface by clicking the “Explain” button (bottom of
Figure 4). By clicking “Explain,” the student will leave the current practice and go to the
worked-example page, which shows the exact practice the student was working on, its full
solving steps, and the final answer (Figure 5). By clicking the “Practice” button on the workedexample page, the system will bring the student back to the practice interface but present the
student with a new problem. The new problem is similar to the previous one so the student can
transfer the skill she learned from reading the worked example in the prior practice.
No hints are presented in ALEKS, unlike the ITSs investigated in many of the studies
mentioned above. Thus, we can assume that students’ interactions with system help in ALEKS
can be very different from those observed in previous research. For example, a frequently
observed help-seeking bug in hint-based ITSs, help abuse, may not occur often in ALEKS. This
is because it is impossible that a student could successfully copy an answer from a worked
example into a new practice problem, as ALEKS drops the student from their current practice
problem when requesting a worked example.
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Figure 3. Screenshot of the ALEKS problem selection interface.

Figure 4. Screenshot of ALEKS practice interface with an example problem.
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Figure 5. Screenshot of an example ALEKS explanation page with worked-out steps.

Practice and mastery. The problem in the ALEKS system is presented in a fill-in-theblank format or a graph drawing format, not as a multiple choice question. Therefore ALEKS is
effective in preventing gaming of system behaviors because the answers are difficult to guess.
For a topic attempt, the system keeps tracking the student’s performance on every problem and
updates the probability of topic mastery after each correct and wrong attempt. Three continued
correct attempts is the most common activity to trigger topic mastery. Once the system
determines that a topic had been mastered, the topic is added to the student’s knowledge state,
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and other related topics that are ready to be learned become available to the student. Subsequent
assessments update the student’s knowledge state.
Free and forced behaviors in ALEKS. To investigate which learning behavior is used
by a student, it is important to know which activities in the system are determined by the student
and which activities are forced by the system. Specifically, a student is free to choose one topic
type from six types to work on, and is free to choose a topic from several available topics under
the same topic type. During a problem attempt, a student is free to choose to try to solve the
problem or request help. Also, the student is free to leave the attempt any time, regardless of
whether the topic has been mastered or not. Finally, the student is free to stay on the topic,
continuing to practice even after the system announces the student has mastered or failed the
topic. But after a student requests help on a problem, the student is forced to leave the problem
and work on a new one. When a student has solved a problem correctly, the student cannot
request the worked example of this problem, and is forced to leave the problem and come to a
new one.
Efficacy of ALEKS in learning. Many studies on ALEKS have found a positive effect
on learning. A comparative study on ALEKS and one other popular ITS, Cognitive Tutor,
showed that ALEKS and Cognitive Tutor improved mathematics learning at equal levels (Sabo,
Atkinson, Barrus, Joseph, & Perez, 2013). Sabo et al. ran a summer school class on high school
algebra and randomly assign students to learn with ALEKS or Cognitive Tutor exclusively. After
14 days’ training, students in both conditions made significant learning gains.
Additionally, Sullins et al. (2013) studied students from 6th grade to 9th grade in two
school districts and their interaction with the ALEKS system. The study found a strong positive
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correlation between the performance assessment in ALEKS and performance on the Tennessee
state mathematics test.
Furthermore, ALEKS was studied in an after-school program and showed improved math
learning. Hu et al. (2011) ran an after-school math program for 6th grade students and randomly
assigned the students to learn with ALEKS or expert teachers. The study found that the students
tutored by ALEKS or taught by expert teachers showed the same level of performance on the
state mathematics test, and outperformed the students who did not participate in the after-school
program.
It is worth noting that students in ALEKS classrooms have been shown to require
significantly less assistance from teachers to complete their daily work. Craig et al. (2013)
compared the posttest performance, conduct, involvement, and frequency of seeking help from
teachers between students who learned with ALEKS and students who learned with expert
teachers in an after-school program. The results showed that whereas students’ performance,
conduct, and involvement remained at the same levels, the students in the ALEKS condition
needed less help from human teachers compared with the students in the expert teacher
classrooms (Craig et al., 2013).
Furthermore, another study showed that students who learned with ALEKS experienced a
more positive attitude towards math learning. Huang, Xie, Graesser, Hu, and Craig (2014) did an
end-of-program survey in a math after-school program. The results showed that students working
with ALEKS reported a more positive attitude toward both mathematics learning in general and
math learning with a computer compared with the students in lecture-based classrooms.
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ALEKS and Help-Seeking
Students using the ALEKS system learn a topic by working on a series of questions
sharing the same concept. Students have two options at every question: try the question or read
the worked example of this question. A model of possible student activities in a topic attempt is
illustrated in Figure 6. By using Discrete Markov models to learn the probabilities of all possible
transitions and using k-means clustering to aggregate the probabilities, the outstanding transition
probabilities can be captured and therefore used to represent the behaviors the student
demonstrated in learning.

Figure 6. Possible student activities during a topic attempt in the ALEKS system. WE is short for
worked example.
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Methodology
Overview of After-School Mathematics Program
The students who participated in the current research came from one student group of an
after-school mathematics program. This student group learned math with the ALEKS tutoring
system. The math program had one other student group, in which students learned math with
human teachers. Except for the difference in the type of tutoring, all other settings of the two
groups were equivalent. The general setting of the whole math program is introduced below to
interpret the overall design.
Design. Participants who enrolled in the math program were randomly assigned into one
of two conditions: the ITS-led condition (treatment) or the teacher-led condition (control). In the
ITS-led classes, students were tutored by the ALEKS program individually while a teacher
monitored the whole classroom and offered help when needed. In the teacher-led classes,
students were taught as a group by a teacher, and the same teacher also monitored the classroom
and offered help. The measurements of the learning outcome were the mastery of attempts in the
ALEKS system and the performance on the 6th grade state math test, which was taken one month
after the program ended.
Participants. The study occurred over the course of two years of the after-school
program. A total of 372 sixth-grade students who participated in the ITS-led classes were
included. The students were from five intermediate schools in west Tennessee. The schools were
located in a mid-sized city and the surrounding rural area, consisting largely of an economically
disadvantaged population (68.2%) and large minority student enrollment (56.3% African
American, 39.3% White, and 4.4% others). None of the five schools reached the average SES
level of Tennessee (54.4% of the students were eligible for free or reduced-price lunch).
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Materials. The ALEKS system was used in the ITS-led condition. The system recorded
the learning sequence log of each student. The log includes login dates, time spent in the system,
a list of worked-on problems per day, the status of a worked-on problem as attempted or
mastered, and the actions students made for each problem attempt (see Figure 1). Basically, the
ALEKS system uses a full set of concept topics to tutor students. For example, the knowledge of
6th grade math can be defined as 377 concept topics. Full mastery of all topics is equivalent to
the mastery of 6th grade math. One topic can be attempted multiple times until mastered. Thus,
the number of topic attempts is much larger than the number of topics. Within each topic attempt,
students practice several problems. Continuous correct responses, usually three in a row, are the
standard for topic mastery. Students can make seven actions in a topic attempt: start an attempt, a
correct try, a wrong try, request explanation, master an attempt (added to pie), fail, and leave the
attempt. Mastery is also called “added to pie” because the 370 concept topics have been divided
into 6 knowledge categories presented with a pie chart (i.e., “Whole Number,” “Fractions and
Decimals,” “Geometry,” “Measurement and Graphs,” “Proportions, Percents, and Probability,”
and “Algebra”; see Figure 3). The topic masteries will visually fill the pie up.
Teachers who were recruited to conduct the after-school program were all certified by the
state to teach 6th grade math. The teachers were randomly assigned to either the ITS-led
classrooms or teacher-led classrooms. Before the program implementation, the teachers were
given a one-time group training on the procedures for both conditions. During the training,
teachers were provided an overview and time schedule of the program. This included
implementation of both the ALEKS system and the daily lesson plans. Teachers did not know
their assigned role until after the training.
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In both the ITS-led and teacher-led classes, the mathematics curriculum adhered to the
Tennessee state performance indicators (SPIs), which are topics students need to master based on
grade level by the end of the academic year. In the ITS-led classes, adopting the SPIs is as simple
as selecting the topics in the ALEKS system. In the teacher-led classes, daily lesson plans were
created to incorporate the SPIs by a mathematics education expert and an expert teacher from the
research team. In the teacher-led classes, unlike the ITS-led classes that use individualized
learning plans, if a student missed a day they would not receive instruction on the topic they
missed.
State test results, reported as normal curve equivalent scores range from 0 to 99 with the
state average as 50, provided the measure of math performance for both ITS-led and teacher-led
classes. The state test is given at the end of each school year for all students grades 3 to 8 in
Tennessee. The 6th grade state math standards cover five domains: ratios and proportional
relationships, the number system, expressions and equations, geometry, and statistics and
probability.
Procedures. The students volunteered for the program and informed consent from their
parents or guardians was obtained for all of them. Teachers, previously certified to teach 6th
grade mathematics by the state, were recruited to conduct the program. The program was held
after school for 2 hr twice a week with a maximum of 50 program days. During the after-school
program, student attendance and student activities in the ALEKS system were recorded. After
the program, the district provided information about students’ genders and races/ethnicities as
well as the state test scores from both 5th grade (before the program) and 6th grade (after the
program). The scores on the 5th grade state test were used to represent students’ pre-program
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mathematics ability and the scores on the 6th grade state test were used as the post-program
performance.
ITS-Led Condition
Procedure and data collection. Students in the ITS-led condition joined the study
voluntarily, and interacted with an ITS named ALEKS for a maximum of 50 program days,
which covered the whole academic year of 6th grade. Student interactions with the system consist
mainly of seven types: start an attempt, a correct try, a wrong try, request explanation (helpseeking), master an attempt (added to pie), failed, and leave the attempt. Such activities were
automatically recorded by the system and were the data for the current research, which analyzed
the help-seeking behaviors. The mastery of attempts in ALEKS was one measure of the study’s
learning outcome. In addition, the students’ mathematics performance in 6th grade state test was
the second measure of learning outcome. Last, the students’ gender, ethnicity, program
attendance, and mathematics performance in the 5th grade state test were collected as the
measures of individual characteristics, with the 5th grade test score as the measure of math prior
knowledge.
The student’s activities in ALEKS were called the learning sequences, and were
presented in one to three webpages under the domain name www.aleks.com when teachers
logged in to their account. The webpages were first saved to a local hard disk as html format. A
python script was then used to process the webpages in a batch and data were extracted from
webpage source codes.
Student activities and learning sequences. The data from ALEKS (i.e., student actions
in the system) have specific names that might not necessarily be used in other systems. To
understand these names, a description to how students use the system will be provided. The
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ALEKS system (www.aleks.com) is an online system, and can be accessed from web browsers.
Every student has his own individual account. When the students log in, ALEKS presents them
with a pie chart (Figure 3) to show the concept topics they are ready to interact with. Each pie
presents a knowledge type (e.g., “Whole Numbers”, “Geometry”, or “Algebra”). In a pie, the
area of dark color presents the concept topics the student already knows, and the light colored
area presents the topics that the students need to learn. When clicking on a piece of the pie,
students will see several topics the system recommends them to learn. After clicking on one topic,
the student will be brought to the practice interface (Figure 4) to work with problems. For each
problem, students can fill in the answer and click “next” to get feedback about correctness, or
click “explain” to read a worked example of this problem (Figure 5). Then the student will be
brought to the second problem under the same concept topic. ALEKS judges a topic as mastered
when the student meets the mastery criteria (e.g., correct three times in a row). The system then
notifies the student that he or she can leave the current attempt. In the meantime, the dark area of
the knowledge pie becomes larger (i.e., “added to pie”). If a student made a wrong attempt too
frequently and met the failure criteria (e.g., not correct in five practices straight), the student
would also receive suggestions to leave the current attempt. It is worth noting that the student
can jump out of the practice interface anytime he or she wants. Therefore, the interaction process
generates seven potential actions: start a topic attempt, correct, wrong, explain, added to pie,
failed, and left. “Correct,” “wrong,” and “explain” can occur multiple times in one topic attempt.
The whole process flow is shown in Figure 7. For easy description, in the later parts of this
dissertation, the word “added to pie” will be used equivalently as “mastery.”
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Figure 7. Process flow of one topic attempt in ALEKS system.

Data analysis. Learning sequences, a series of activities made by students to solve
ALEKS math topics, are the major source of data for the current research. In order to present
deep information of learning sequences, first the sequences were recoded to show the degree of
excessive activities. The same activities that occurred continuously were recoded as action,
action2, and action3. All 4th and later identical actions were recoded as action3 as well. For
example, a sequence “wrong-explain-explain-explain-explain” was recoded to “wrong-explainexplain2-explain3-explain3.” In this way repetitiveness can be observed in the behaviors
“explain-explain2,” “explain2-explain3,” “explain3-expain3” rather than only “explain-explain,”
which helps to understand the degree of excessive activities. Then a learning sequence was
separated into action-action patterns (e.g., start-wrong-explain-correct-correct-leave  startwrong, wrong-explain, explain-correct, correct-correct, correct-leave). But because some of these
action patterns mixed the action and outcome together (e.g., correct-correct), and the student
cannot be certain he or she will be correct before trying, such action patterns needed recoding to
split the outcome away from behavior selection. Therefore, “correct/wrong to correct/wrong”
was recoded to “correct/wrong to try,” and “start to correct/wrong” was recoded to “start to try.”
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Secondly, the algorithm of DMM was applied to the action patterns of every learning
sequence. Consider the example learning sequence used in the last paragraph: start-wrongexplain-correct-correct-leave. The action patterns of this sequence are start-try, wrong-explain,
explain-correct, correct-try, correct-leave. Therefore, starting from “correct,” there are two
transitions: correct-try, and correct-leave. These two transitions occurred once separately.
Therefore in this learning sequence we have:
P (correct-try) = ½ = 0.5, P (correct-leave) = ½ = 0.5.
Following the same algorithm we know that, in this learning sequence,
P (start-try) = 1, P (wrong-explain) = 1, P (explain-correct) = 1.
These transition probabilities are the base to cluster help-seeking behaviors.
Next, action patterns were selected to keep only the ones related to help-seeking for the
aim of the current research. The reasons for deciding which action patterns were related to helpseeking and thus selected for clustering were as follow: I was interested in how often a user
sought a worked example after she was told that her practice was correct, or after she was told
her practice was wrong. Furthermore, I wanted to know the next action after reading the worked
example, whether she continued requesting another worked example, or moved back to practice
and answer correctly, or moved back to practice but answer wrongly. Finally, I was also
interested in how a student starts her topic attempt (i.e., reading worked example or practice
directly). This brought about the selected action patterns in Table 2.
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Table 2
The Action Patterns in ALEKS Learning Sequences That Are Directly Related to Help-Seeking
and Therefore Are Selected to Perform K-Means Clustering of Help-Seeking Behaviors
correct to try
correct to explain
correct2 to try
correct2 to explain
correct3 to try
correct3 to explain
start to try
start to explain

wrong to try
wrong to explain
wrong2 to try
wrong2 to explain
wrong3 to try
wrong3 to explain

explain to correct
explain to explain2
explain to wrong
explain2 to correct
explain2 to explain3
explain2 to wrong
explain3 to correct
explain3 to explain3
explain3 to wrong

Last, k-means clustering was applied to the selected transition probabilities, and the
attempts with similar transition probabilities were aggregated into clusters. Each cluster
represents a help-seeking behavior. The averages of transition probabilities in a cluster are the
core features of a behavior. Furthermore, traditional statistical methods such as chi-square and
linear regression were used to examine the relationship between the help-seeking behaviors and
learning outcomes, personal factors and topic factors.
Results
Descriptive Statistics for Learning Behaviors in ALEKS
A total of 372 students learned 6th grade mathematics with ALEKS. They came from two
years of the after-school math program, with 174 students in the first year and 198 students in the
second year. A total of 406,207 activities were generated by these 372 students constituting the
seven activity types: started an attempt, made a correct try, made a wrong try, request worked
example (named “explanation” in ALEKS), mastered an attempt (named “added-to-pie” in
ALEKS), failed an attempt, and left an attempt. Total actions made by a student varied from 7 to
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4,247, with an average of 1,092 activities per person (SD = 798). Proportion of activities of each
type is shown in Table 3.
Table 3
Proportion of Seven Activity Types’ Occurrence in ALEKS Learning Sequences
Activity Type
started an attempt
made a correct try
made a wrong try
requested worked example
mastered an attempt
failed an attempt
left an attempt
Grand Total

N activity
55,281
94,237
109,966
62,766
25,437
3,239
55,281
406,207

% total
14%
23%
27%
15%
6%
1%
14%
100%

ALEKS mathematics tutoring for 6th grade contains 370 concept topics. All 370 ALEKS
topics were used in the current study. One topic can be attempted multiple times if not mastered,
which resulted in a total of 55,281 topic attempts. The number of attempts on a topic ranged
from 1 to 698, with an average of 149 attempts per topic (SD = 120). Attempt frequency varied
heavily among topics. About half of the topics (182) were seldom tried, making only 10% of the
total activities. On the other hand, 61 topics were popular, making up 50% of the total activities.
The number of activities in a topic attempt ranged from 1 to 140. On average, one topic
attempt contained 7.35 actions (SD = 5.28). Among all 55,281 topic attempts, 25,437 attempts
(46%) had “added-to-pie” activity, which means the attempts had been mastered. In contrast,
2,914 attempts (5%) had “failed” activity, indicating the student made continuous wrong tries in
that attempt and reached the criteria of failing an attempt. In addition, 62% of attempts had at
least one correct try, 69% had at least one wrong try, and 59% had at least one worked example
request. For the attempts that contained worked example requests, on average, one attempt had
about two requests. For details see Table 4.
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Table 4
Five Activity Types’ Occurrence in ALEKS Topic Attempts and Corresponding Percentages,
Minimums, Maximums, Means, and Standard Deviations
Activity
made a correct try
made a wrong try
requested worked
example
mastered an attempt
failed an attempt

N attempt Percent total Min Max Mean SD
34,385
62%
1
127
2.74 1.32
37,890
69%
1
60
2.90 1.85
32,458

59%

1

67

25,437
2,914

46%
5%

1
1

1
9

1.93
1.00
1.11

1.05
0.00
0.21

ALEKS tutoring topics are highly correlated with the Common Core state standards. In
370 6th grade topics, 45 ALEKS topics belong to Common Core standards on “Ratios and
Proportional Relationships,” 72 topics belong to “the Number System,” 52 belong to
“Expressions and Equations,” 19 belong to “Geometry,” and 22 belong to “Statistics and
Probability.”
There are 23 action patterns related to help-seeking in the system (Table 2), and their
probabilities were used to run k-means clustering. Simple descriptive statistics of these 23 action
patterns are listed below in Table 5.
Table 5
Means, Standard Deviations, Minimums, and Maximums of the Probabilities of 23 Help-Seeking
Related Action Patterns Introduced in Table 2
Action Pattern
correct to try
correct to explain
correct2 to try
correct2 to explain
correct3 to try
correct3 to explain
explain to correct

Mean
SD
Min
Max
0.548
0.482
0.000
1.000
0.013
0.101
0.000
1.000
0.343
0.464
0.000
1.000
0.005
0.070
0.000
1.000
0.105
0.304
0.000
1.000
0.001
0.028
0.000
1.000
0.163
0.342
0.000
1.000
51

Table 5 (Continued)
Action Pattern
explain to explain2
explain to wrong
explain2 to correct
explain2 to explain3
explain2 to wrong
explain3 to correct
explain3 to explain3
explain3 to wrong
start to try
start to explain
wrong to try
wrong to explain
wrong2 to try
wrong2 to explain
wrong3 to try
wrong3 to explain

Mean
0.077
0.169
0.020
0.028
0.026
0.005
0.008
0.007
0.793
0.207
0.386
0.197
0.174
0.112
0.016
0.123

SD
0.245
0.331
0.138
0.162
0.156
0.067
0.073
0.077
0.405
0.405
0.455
0.361
0.368
0.303
0.107
0.321

Min
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000

Max
1.000
1.000
1.000
1.000
1.000
1.000
0.969
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000

Identified Help-Seeking Behaviors in ALEKS, a Worked-Example-Based ITS
A k-means clustering algorithm was applied to 23 help-seeking related action patterns
(Table 2) from 55,281 topic attempts. K-means clustering requires a preset number as the
number of clusters. However, it is difficult to determine a suggested number of help-seeking
behaviors based on prior research. This is because the design of one ITS can be dramatically
different from others, which results in different activities. For instance, Cognitive Tutor requires
students to go through hints from shallow to deep, whereas the Functional Programming Tutor
(Vaseen et al., 2014) allows students to go directly to step solution (equal to the deepest level of
hint) to copy the code to solve the step. ALEKS does not allow students to practice on the same
question after reading the solution, but instead allows them to work on a similar question.
Therefore, the number of types of help-seeking behaviors reported from the literature ranges
from four to eight. Vaessen et al. (2014) reported five clusters of help-seeking behaviors in
Functional Programming Tutor. Köck and Paramythis (2011) suggested four to eight clusters for
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help-seeking behaviors in the Andes ITS. Aleven et al. (2006) suggested four major types of
help-seeking bugs and 11 minor bugs. It should be noted that all three ITSs mentioned above are
hint-based ITSs. ALEKS, as a worked-example-based ITS, has help-seeking behaviors that are
not well studied. Therefore, forcing the number of behavior clusters would be somewhat
arbitrary, and may lead to inaccurate findings. Therefore, I chose an exploratory method,
specifically, to stop clustering when new clusters are no longer meaningful. The interpretation of
clusters was kept as direct as possible, presenting only what the output showed, to prevent overinterpretation. Analysis showed that new and interesting clusters kept emerging until reaching
seven clusters (i.e., seven behaviors). In the following section, I will introduce the clusters and
their implied behaviors one by one, listing their average transition probabilities, indicating those
that have outstanding high and low z-values or absolute values, and pointing to three other
indicators of the clusters.
Cluster/Behavior 1 – understand example then try. This behavior involves starting
with reading one or two worked examples. Then when a student turned to do the exercise, she
provided a correct answer. Here, the student continued trying after getting one correct, and made
several correct attempts in a row. The outstanding transition probabilities of this behavior are
listed in Table 6 and the schema of the behavior activities is in Figure 8.
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Table 6
Outstanding Action Patterns and the Means, Standard Deviations, Z-Values of Their
Probabilities in Cluster 1 (Understand Example Then Try), the Count of Actions in This Cluster's
Topic Attempts, the Number of Attempts in This Cluster, and the Number of Mastered Attempts in
This Cluster
Action Patterns
start to explain
explain to correct
correct to try
correct2 to try
Action count
N attempt
N mastered attempt

Mean
1.00
0.77
0.96
0.63
8.53
2860 (5%)
2450 (86%)

SD
Z-value
0.00
1.96
0.33
1.78
0.13
0.85
0.46
0.63
4.19

0.22

Figure 8. The outstanding action patterns in Behavior 1: understand example then try. Generally,
the behavior is to start the attempt with reading worked examples, followed by correct tries. Note.
WE = Worked example. T = Try. C = Correct. C2 = Correct2.
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Cluster/Behavior 2 – read example and then trial and error. This cluster also started
with reading a worked example. Here, students tried after reading an example, but the first
attempt after reading the example was probably wrong. In this behavior, students kept trying
with some correct attempts. Help-seeking was rare in the later part of attempt; the students chose
to continue trying unless they received three wrongs in a row. The significant transition
probabilities of this behavior are listed in Table 7 and the schema of the behavior activities is in
Figure 9.
Table 7
Outstanding Action Patterns and the Means, Standard Deviations, Z-Values of Their
Probabilities in Cluster 2 (Read Example and Then Trial and Error), the Count of Actions in
This Cluster’s Topic Attempts, the Number of Attempts in This Cluster, and The Number of
Mastered Attempts in This Cluster
Action Patterns
start to explain
explain to wrong
wrong to try
wrong2 to try
wrong3 to explain
correct to try
correct2 to try
correct3 to try
Action count
N of attempt
N mastered attempt

Mean
1.00
0.60
0.89
0.60
0.44
0.76
0.56
0.29
13.01
1625(3%)
878 (54%)

SD
Z-value
0.00
1.96
0.36
1.31
0.20
1.10
0.45
1.17
0.48
1.00
0.39
0.45
0.48
0.46
0.45
0.60
6.66

1.07
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Figure 9. The outstanding action patterns in Behavior 2: read example and then trial and error.
Generally, the behavior starts with reading worked examples, followed by tries. During the tries,
worked examples are seldom requested. Note. WE = Worked example. W = Wrong. W2 =
Wrong2. W3 = Wrong3. T = Try. C = Correct. C2 = Correct2. C3 = Correct3.
Cluster/Behavior 3 – help hesitation. Unlike the previous two behaviors, this behavior
was to start an attempt by trying the problem. Here, when the student received one or two
wrongs, the student did not seek help but continued to try. Only when the students got three
continued feedbacks as wrong would they seek help and read a worked example. After reading
an example, the students would turn back to practice. However, the practices following the help
were mostly incorrect. Table 8 presents the transition probabilities that have large z-values and
Figure 10 shows the schema of the behavior activities.
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Table 8
Outstanding Action Patterns and the Means, Standard Deviations, Z-Values of Their
Probabilities in Cluster 3 (Help Hesitation), the Count of Actions in This Cluster’s Topic
Attempts, the Number of Attempts in This Cluster, and the Number of Mastered Attempts in This
Cluster
Action Patterns
start to try
wrong to try
wrong2 to try
wrong3 to try
wrong3 to explain
explain to wrong
Action count
N of attempt
N mastered attempt

Mean
1.00
0.89
0.93
0.08
0.78
0.38
12.46
7715(14%)
2424 (31%)

SD
Z-value
0.00
0.51
0.19
1.11
0.17
2.05
0.22
0.62
0.38
2.03
0.43
0.64
7.02

0.97

Figure 10. The outstanding action patterns in Behavior 3: help hesitation. Basically, the behavior
is a series of wrong tries and a little help-seeking at the third wrong try in a row. Note. WE =
Worked example. W = Wrong. W2 = Wrong2. W3 = Wrong3. T = Try.
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Cluster/Behavior 4 – no need of help. The behavior began with doing an exercise.
When one problem was solved correctly, the trying continued. In such topic attempts, students
made two to three correct tries in a row with few wrong tries. The significant transition
probabilities are listed in Table 9 and the schema of the behavior activities is in Figure 11.
Table 9
Outstanding Action Patterns and the Means, Standard Deviations, Z-Values of Their
Probabilities in Cluster 4 (No Need of Help), the Count of Actions in This Cluster's Topic
Attempts, the Number of Attempts in This Cluster, and the Number of Mastered Attempts in This
Cluster
Action Patterns
start to try
correct to try
correct2 to try
correct3 to try
Action count
N of attempt
N mastered attempt

Mean
1.00
0.96
0.94
0.26
8.43
14355 (26%)
13304 (93%)

SD
Z-value
0.00
0.51
0.13
0.86
0.17
1.28
0.43
0.52
5.01

0.20
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Figure 11. The outstanding action patterns in Behavior 4: no need of help. Basically, the
behavior is a series of correct tries. Note. T = Try. C = Correct. C2 = Correct2. C3 = Correct3.
Cluster/Behavior 5 – seek help excessively. As shown in Table 10, this behavior could
begin with either trying a problem or reading an example. The typical behavior for this cluster
involved requesting a worked example, and then requesting a second, third, or even more
examples, continuously. Figure 12 shows the schema of the behavior activities.
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Table 10
Outstanding Action Patterns and the Means, Standard Deviations, Z-Values of Their
Probabilities in Cluster 5 (Seek Help Excessively), the Count of Actions in This Cluster's Topic
Attempts, the Number of Attempts in This Cluster, and the Number of Mastered Attempts in This
Cluster
Action Patterns
start to explain
start to try
wrong to explain
explain to explain2
explain2 to explain3
explain3 to explain3
explain3 to correct
explain3 to wrong
Action count
N of attempt
N mastered attempt

Mean
0.62
0.38
0.42
0.83
0.96
0.30
0.13
0.18
10.15
1183 (2%)
173 (15%)

SD
Z-value
0.48
1.03
0.48
-1.03
0.46
0.61
0.26
3.10
0.13
5.76
0.33
4.03
0.31
1.82
0.34
2.19
7.21

0.53

Figure 12. The outstanding action patterns in Behavior 5: seek help excessively. Basically, the
behavior is a series of help-seeking with few tries. Note. WE = Worked example. WE2 =
Worked example 2. WE3 = Worked example 3. W = Wrong. C = Correct.
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Cluster/Behavior 6 – quick attempt then leave. This behavior began with trying the
exercise, but here the student made several actions and then left the attempt. On average, the
attempts only had five activities, which is much less than for other behaviors (z value = -0.45;
Table 11). If we do not consider the activities “start the attempt” and “leave the attempt,” there
are only three learning activities in the attempt. For all 23 action patterns related to help-seeking,
21 of them have standardized probability values (z-values) that are negative or close to zero.
Only two action patterns have somewhat larger positive probabilities: “start to try” with z-value
0.51 and “wrong to explain” with z-value 0.17. These values imply that most activities,
especially the continued actions (e.g., correct2, correct3, explain2, explain3, wrong2, wrong3),
do not exist in this behavior cluster. It is worth noting that 68% of the first tries were wrong for
the topic attempts exhibiting this behavior. Figure 13 shows the schema of the behavior activities.
Table 11
Outstanding Action Patterns and the Means, Standard Deviations, Z-Values of Their
Probabilities in Cluster 6 (Quick Attempt Then Leave), the Count of Actions in This Cluster's
Topic Attempts, the Number of Attempts in This Cluster, and the Number of Mastered Attempts in
This Cluster
Action Patterns
start to try
correct to try
wrong to try
wrong to explain

Mean

Action count
N of attempt
N mastered attempt

4.98
21333 (39%)
6027 (28%)

1.00
0.35
0.25
0.26

SD
Z-value
0.00
0.51
0.46
-0.42
0.41
-0.30
0.41
0.17
2.46

-0.45

61

Figure 13. The outstanding action patterns in Behavior 6: quick attempt then leave. The behavior
starts with trying a problem, then quitting after one to two additional activities. Note. WE =
Worked example. W = Wrong. T = Try. C = Correct.
Cluster/Behavior 7 – start with seeking help then leave. The behavior began with a
topic attempt by reading one or more worked examples and then, maybe one attempt at solving
the problem. In this behavior cluster, the students did not engage in other activities other than
leaving the attempt. Most action patterns had probabilities equal to or close to zero. The topic
attempts in this cluster had the fewest number of activities: The average was four actions, which
included “start the attempt”’ and “leave the attempt.” The outstanding transition probabilities of
this behavior are listed in Table 12 and the schema of the behavior activities is in Figure 14.

62

Table 12
Outstanding Action Patterns and the Means, Standard Deviations, Z-Values of Their
Probabilities in Cluster 7 (Start With Seeking Help Then Leave), the Count of Actions in This
Cluster's Topic Attempts, the Number of Attempts in This Cluster, and the Number of Mastered
Attempts in This Cluster
Action Patterns
start to explain
explain to explain2
explain2 to explain3
explain2 to wrong
explain2 to correct
wrong to try
wrong to explain
wrong2 to try
Action count
N of attempt
N mastered attempt

Mean
1.00
0.16
0.00
0.05
0.02
0.07
0.14
0.00
4.08
6210(11%)
181 (3%)

SD
Z-value
0.00
1.96
0.35
0.34
0.01
-0.17
0.20
0.12
0.14
0.00
0.24
-0.70
0.33
-0.15
0.04
-0.47
1.77

-0.62

Figure 14. The outstanding action patterns in Behavior 7: start with seeking help then leave. The
behavior starts with seeking help and then quitting after one to two additional activities. Note.
WE = Worked example. WE2 = Worked example 2. W = Wrong.
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For the ease of comparing help-seeking behaviors, the names of the seven behaviors are
listed together below in Table 13.
Table 13
All Seven Help-Seeking Behaviors Found in a Worked-Example-Based ITS: ALEKS
Number
Behavior 1
Behavior 2
Behavior 3
Behavior 4
Behavior 5
Behavior 6
Behavior 7

Behavior type
understand example then try
read example and then trial and error
help hesitation
no need of help
seek help excessively
quick attempt then leave
start with seeking help then leave

Association between Help-Seeking Behaviors and Mathematics Learning
The current study has two measurements for learning outcomes: mastering or not
mastering the topics in the ALEKS system, and the test scores on the 6th grade standardized state
math test, which was taken one month after finishing the program. The former is an immediate
measurement and the latter is a delayed measurement.
To examine the association between help-seeking behaviors and ALEKS attempt mastery,
a chi-square test was applied and it showed a statistically significant effect (χ2(6, N = 55,281) =
22,919.50; p<.001; φ = .644). Standardized residuals larger than 1.96 and 2.58 indicate a
significant difference from expected counts at the .05 and .01 level respectively.
Standardized residuals indicated that Behaviors 1, 2 and 4 were significantly associated
with attempt mastery, while Behaviors 3, 5, 6, and 7 were significantly related to non-mastery
(Table 14). Obviously, students who knew the solution and did not need help (Behavior 4) could
master attempts. Interestingly and meaningfully, students who recognized their need of reading
worked examples at the beginning and only tried when they were confident about their skill
(Behavior 1) could master attempts. Even though the attempts following worked example
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reading were sometimes wrong initially, the student was eventually correct and reached mastery
(Behavior 2). Conversely, students who started the attempt with trying to solve the problem but
refused to read examples when wrong (Behavior 3) were unlikely to master an attempt. Also, the
students who requested worked examples three times or more continuously were less likely to
master an attempt (Behavior 5). Lastly, the students who started the attempt with one to two tries
but then left the topic (Behavior 6) and the students who started the attempt with reading a
worked example but then quit the attempt (Behavior 7) could not master the topic. To sum up,
Behaviors 1, 2, and 4 are recommended help-seeking behaviors, while Behaviors 3, 5, 6, 7 are
non-recommended help-seeking behaviors.
Table 14
Chi-Square Test on Help-Seeking Behavior Types and Attempt Mastery

Behavior
1

2

3

4

5

6

7

Count
Expected Count
Standardized Residual
Count
Expected Count
Standardized Residual
Count
Expected Count
Standardized Residual
Count
Expected Count
Standardized Residual
Count
Expected Count
Standardized Residual
Count
Expected Count
Standardized Residual
Count
Expected Count
Standardized Residual

Attempt Mastery
YES
NO
2450
410
1316
1544
31.3
-28.9
878
747
747.7
877.3
4.8
-4.4
2424
5291
3550
4165
-18.9
17.4
13304 1051
6605.3 7749.7
82.4
-76.1
173
1010
544.3
638.7
-15.9
14.7
6027
15306
9816.2 11516.8
-38.2
35.3
181
6029
2857.5 3352.5
-50.1
46.2
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To measure the association between help-seeking behaviors and the score on the
standardized state math test, a multiple regression was implemented. The effect of prior
knowledge was controlled to remove the impact from individual ability difference. A significant
regression equation was found (F(6, 208) = 2.283, p = 0.037), with an R2 of 0.619 and R2
changed = .025. The analysis showed that Behaviors 6 and 7 were significantly and negatively
associated with the state test score (Behavior 6:  = -0.110, p = 0.030; Behavior 7:  = -0.127, p
= 0.008); and Behaviors 3 and 5 were marginally significantly and negatively associated with the
state test score (Behavior 3:  = -0.092, p = 0.073; Behavior 5:  = -0.090, p = 0.053). The
behaviors having a negative association with the state test score (Behaviors 3, 5, 6, and 7) found
here are the same as those that were negatively associated with ALEKS attempt mastery,
indicating that the effects of non-recommended help-seeking behaviors are stable. However, the
positive association between recommended help-seeking behaviors (Behaviors 1, 2, and 4) and
math learning were not shown at the delayed posttest.
It is noteworthy that a correlation between factors is not necessarily indicative of heavy
collinearity for linear regression analysis. A special-purpose test on collinearity provides a more
accurate diagnosis. The condition index is a popular measurement of collinearity. A condition
index larger than 10 means a moderate collinearity, and an index larger than 30 indicates a
severe collinearity. The condition index in the current analysis is 21, which is still acceptable.
Help-Seeking Behaviors and Individual Characteristics
As described above, the help-seeking behaviors are clustered at attempt level. Thus, in
order to investigate the behaviors at the student level, the probabilities of a student engaging in
each of the seven behaviors were calculated. One student’s probabilities of using the seven
behaviors sum up to 1.
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First, a Pearson’s correlation among probabilities of the student taking different behaviors
suggested correlations among one student’s behavior choices. For example, the students who
exhibited Behavior 1 were likely to show Behaviors 2 and 7 as well, but unlikely to exhibit
Behaviors 3 and 6. The students showing behavior 6 tended to engage less often in all other
behaviors. The correlations and significance levels are listed in Table 15. These correlations
suggest that students have behavior preferences, preferring one or more help-seeking behaviors
and avoiding several behaviors during their math learning in the ITS.
Table 15
Correlations between Students' Probabilities of Engaging in Seven Help-Seeking Behaviors and
Their Significance Levels
Behavior 2 Behavior 3 Behavior 4 Behavior 5 Behavior 6 Behavior 7
.198**
-.359**
-0.059
-0.017
-.347**
.332**
Behavior 1
-0.07
-.194**
-0.027
-.364**
0.057
Behavior 2
Behavior 3
Behavior 4
Behavior 5
Behavior 6

-.236**

-0.096
-.205**

-.132*
-.380**
-.162**

-.283**
-.332**
.110*
-.277**

**Correlation is significant at the 0.01 level (2-tailed).
*Correlation is significant at the 0.05 level (2-tailed).

The individual characteristics of interest in the current research were: gender, ethnicity,
prior knowledge, and program attendance. Genders included male and female. Ethnicities
included Caucasian and African American. Prior knowledge was measured by students’ state
math test score in 5th grade. The test was implemented right before the students began the 6th
grade and joined the after-school program. Program attendance was the number of days the
students attended the after-school program. Students could quit the program anytime at will, so
students’ dates in the program imply their devotion to the program to some degree.
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A multivariate multiple regression on students’ percentage of they engaged in each of the
seven behaviors showed that prior knowledge, program attendance, and the interaction between
gender and ethnicity were significantly associated with students’ behavior choices (prior
knowledge: F = 5.515, p<.001, partial η2 = .146; program attendance: F = 3.383, p = .003, partial
η2 = .095; interaction of gender and ethnicity: F = 2.486, p = .024, partial η2 = .072).
Post hoc analyses of prior knowledge and program attendance were conducted by using
separate univariate linear regressions on the outcome variables. The full result is listed in Table
16 and the significant effects are bolded. A correction was applied to the significance level
because of multiple comparisons (α = 0.05/7 = 0.007). The results revealed that high prior
knowledge was statistically significantly associated with more use of Behavior 1 and Behavior 4,
but was significantly associated with less use of Behavior 5. Secondly, high attendance was
significant associated with less use of Behavior 5.
Table 16
Separate Univariate ANOVAs of Prior Knowledge and Program Attendance on Seven HelpSeeking Behaviors
Factor

Dependent Variable

df1

df2

F

Sig.

R2

Prior Knowledge

Behavior 1

1

202

9.632

0.002

0.046

Behavior 2

1

202

0.559

0.456

0.003

Behavior 3

1

202

2.767

0.098

0.014

Behavior 4

1

202

14.919

<0.001

0.069

Behavior 5

1

202

17.717

<0.001

0.081

Behavior 6

1

202

4.22

0.041

0.02

Behavior 7

1

202

0.633

0.427

0.003

Behavior 1

1

211

0.09

0.764

0

Attendance
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Table 16 (Continued)
Factor

Dependent Variable

df1

df2

F

Sig.

R2

Attendance

Behavior 2

1

211

4.766

0.03

0.022

Behavior 3

1

211

0.036

0.85

0

Behavior 4

1

211

1.061

0.304

0.005

Behavior 5

1

211

8.53

0.004

0.039

Behavior 6

1

211

0.371

0.543

0.002

Behavior 7

1

211

4.142

0.043

0.019

The post hoc analysis of the interaction between gender and ethnicity on behavior choices
was conducted by using separate univariate ANOVAs with significance level correction. The
analysis did not show a significant simple effect on any single behavior, with significance level α
= 0.007. One probable reason is the insufficient sample size. However, the significant interaction
effect implies a tendency for help-seeking behaviors to be different across genders and
ethnicities to some extent.
Help-Seeking Behaviors and Topic Characteristics
The ALEKS system divided 6th grade math topics into six major types (six pies; Figure
15). A chi-square test was performed to examine the relation between the six topic types and the
seven help-seeking behavior choices. The relation between these variables was significant (χ2(30,
N = 55,281) = 1,253.79; p<.001; φ = .151). Standardized residuals measuring the difference
between frequency count and expected count (Table 17) suggested that every topic type had its
own behavior preference. A standardized residual larger than 1.96 and 2.58 indicates a difference
at the .05 and .01 significance level respectively.
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Figure 15. Six major topic types in the ALEKS system.
Table 17
Frequency Counts, Expect Counts, and Standardized Residuals of Distribution of Seven HelpSeeking Behaviors on Six ALEKS Topic Types (Statistically Significant Differences Are in Bold)

1
623
468.7

2
329
266.3

3
942
1264.4

Behavior
4
5
2792
149
2352.6 193.9

6
3196
3496.3

7
1029
1017.8

7.1
468
454

3.8
194
257.9

-9.1
836
1224.6

9.1
2576
2278.6

-3.2
183
187.8

-5.1
3559
3386.3

0.4
959
985.7

0.7
745
609.5

-4
489
346.3

-11.1
2023
1644.2

6.2
2648
3059.2

-0.3
185
252.1

3
4260
4546.3

-0.9
1431
1323.4

5.5
267
478.3

7.7
208
271.8

9.3
1696
1290.4

-7.4
2097
2400.9

-4.2
185
197.9

-4.2
3967
3568

3
826
1038.7

-9.7
222
233.1

-3.9
134
132.4

11.3
720
628.7

-6.2
1086
1169.8

-0.9
149
96.4

6.7
1583
1738.5

-6.6
611
506.1

-0.7
535
616.4

0.1
271
350.2

3.6
1498
1662.7

-2.5
3156
3093.7

5.4
332
255

-3.7
4768
4597.6

4.7
1354
1338.4

-3.3

-4.2

-4

1.1

4.8

2.5

0.4

Topic Type
Algebra

Fractions and
Decimals

Geometry

Measurement
and Graphs

Proportions,
Percents, and
Probability
Whole
Numbers

Count
Expected Count
Standardized
Residual
Count
Expected Count
Standardized
Residual
Count
Expected Count
Standardized
Residual
Count
Expected Count
Standardized
Residual
Count
Expected Count
Standardized
Residual
Count
Expected Count
Standardized
Residual
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Specifically, for the first topic type, “Algebra,” students were likely to show Behaviors 1,
2, and 4, and avoid using Behaviors 3, 5, and 6. Simply put, if a student read an algebra problem
and did not know how to solve it, the student tended to first request a worked example.
Second, on “Fractions and Decimals” topics, students showed more behaviors in Clusters
4 and 6, and use fewer behaviors in Clusters 2 and 3. That is, students either knew how to solve
the problem or left after quick attempts, but avoided making continued wrong attempts.
Third, in “Geometry,” students showed more Behaviors 1, 2, 3, and 7, and fewer
Behaviors 4, 5, and 6. The difference between these behavior types is stark; students either
started with reading worked examples or only requested examples when wrong for several
attempts.
Fourth, “Measurement and Graphs” topics had more Behaviors 3, and 6, and fewer
Behaviors 1, 2, 4, and 7. Students were likely to try solving the problem rather than reading
explanations, but got the problem wrong most of time, and then either continued trying or left the
attempt.
Fifth, the “Proportions, Percents, and Probability” topics included more of Behaviors 3, 5,
and 7, and fewer of Behaviors 4 and 6. Students either excessively showed the try/seek-help
action, or quickly abandoned the attempt after help-seeking.
The last topic type, “Whole Numbers,” contained more of Behaviors 5 and 6, and fewer
of Behaviors 1, 2, and 3. Students liked to request excessive help or quickly left an attempt after
one or two tries.
To infer the cause of such behavior preferences based on topic types, a straightforward
inference has to do with the difficulty level of a topic type. That is, students may act differently
when working on easy, moderate, and hard topics. However, ALEKS does not provide
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information about topic difficulty. Therefore a straightforward logic was used here to evaluate
the difficulty level: If a topic is difficult, then the probability of mastering this topic should be
low. The probabilities of mastering the attempts of six topic types were calculated (Table 18).
The result showed that the probabilities of mastering a topic were similar between the six types.
The differences are very small, ranging from -2% to 7%. Therefore, ALEKS topics from
different topic types are in the same difficulty level, and topic difficulty is unlikely to be the
main cause of the help-seeking behavior preferences on different topic types.
Table 18
Topic Types, Number of Attempts and Mastered Attempts on These Topic Types, Probabilities of
Mastering Attempts, and the Differences from the Average Percentage
Topic Type
Algebra
Fractions and Decimals
Geometry
Measurement and Graphs
Proportions, Percents, and
Probability
Whole Numbers
Total

N attempts
9060
8775
11781
9246

N mastered
attempts
4795
4199
5144
3816

%mastery
53%
48%
44%
41%

4505
11914
55281

1948
5535
25437

43%
46%
46%

Difference from
average %mastery
7%
2%
-2%
-5%
-3%
0%

The second probable cause of the help-seeking behavior preferences is the beginning
knowledge for a topic type. ALEKS’ initial assessment showed great differences between
students’ beginning knowledge of the six topic types (Table 19). “Whole Number” was the topic
type with highest beginning knowledge. Before using ALEKS, students already knew about 50%
of the total required knowledge for 6th grade “Whole Number” concepts. The other three topic
types, “Measurement and Graphs,” “Fractions and Decimals,” and “Algebra,” had similar
beginning knowledge levels, between 10% and 20%. Last, “Geometry” and “Proportions,
Percents and Probability” had the lowest beginning knowledge level, which was no more than
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5%. The beginning knowledge level was very similar across two years of experimental
implementation, so the differences were stable.
Table 19
Percentages of Beginning Knowledge of Six Topic Types, as Shown by Students in ALEKS
Classrooms during Two Years of Experimental Implementation
Year

Algebra

Fractions &
Decimals

Geometry

Measurement
and Graphs

1
2

11%
11%

13%
15%

5%
5%

17%
17%

Proportions,
Percents, &
Probability
4%
4%

Whole
Numbers
50%
52%

The data imply that for the topic type with high beginning knowledge (i.e., “Whole
Numbers”), students are unlikely to seek help at the start of an attempt. Behaviors 1 and 2 were
used significantly less often in topics with high beginning knowledge than other topic types.
Already knowing much about a topic type seems to encourage students to try first.
Secondly, for the three topic types with beginning knowledge between 10% and 20%,
two of them had a similar behavior preference. Students working on “measurement and Graphs”
and “Fractions and Decimals” preferred not seeking help at all (and used Behaviors 3, 4, 6
significantly more often). Rather than seeking help, students tried several times, and while some
tries led to mastery, some led to failure, and some led to quitting an attempt. The other topic type,
“Algebra,” interestingly showed more recommended help-seeking behaviors (1, 2, and 4).
Students only tried when knowing how to solve the problem. Otherwise they preferred reading
worked examples. The preference difference between the three topic types needs further
investigation.
Last, the two topic types with no more than 5% beginning knowledge showed
discrepancy in the preference for specific help-seeking behaviors. Students working on
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“geometry” topics showed significantly more recommended help-seeking behaviors (1, 2) and
more non-recommended behaviors (3, 7) at the same time. Students working on “Proportions,
percents, and probability” only had significantly more non-recommended behaviors (3, 5, 7).
Research is needed to further identify the reasons of such variations.
One other probable reason for these behavior differences is the format difference of the
topics, such as the representation of worked examples as mathematical symbols, regular text or
argumentation (Beitlich, Obersteiner, & Reiss, 2015). This factor may interact with the former
factor, namely beginning knowledge of a topic type, leading to the variation in help-seeking
behavior preferences for the topic types with similar beginning knowledge level. Unfortunately
we do not have quantitative measurements of the ALEKS questions and worked examples in the
current study, but a future study that investigates the effect of topic format will help with
understanding this finding and propose potential improvement to ITS instruction.
Discussion
Help-seeking is a critical activity in learning with ILEs. Proper use of help-seeking
inspires learning but inappropriate use can discourage learning. However, students do not all
master this skill. In addition, the research on help-seeking behaviors in ILEs is not sufficient.
Worked examples, a popular kind of academic help, have been largely ignored in technology
enhanced learning environments. This research focused on the help of worked examples by
applying data mining techniques on student learning activities in an ITS called ALEKS. The four
goals of this research were to firstly explore the types of help-seeking behavior in a workedexample-based ITS, secondly to study the association between help-seeking behaviors and
mathematics learning, thirdly to investigate the personal factors related to behavior choices, and
finally to examine the mathematics topic factors related to behavior choices.
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To address the four questions, discrete Markov modeling and k-means clustering were
applied to student learning sequences and used to group actions into seven help-seeking
behaviors. Then the association between the use of seven behaviors and learning outcomes were
inspected and showed significant differences on attempt mastery in the ALEKS system and the
math score on the 6th grade state test. Thirdly the relationships between students’ gender,
ethnicity, program attendance, prior knowledge and behavior engagement were investigated and
significant effects were found. Finally, the effect of ALEKS topic type was examined and
significant differences were also found in relation to help-seeking behaviors.
Seven Help-Seeking Behaviors Found in a Worked-Example-Based ITS, Their Discrepancy
from Behaviors in Hint-Based ITSs, and Their Activity Indicators
The seven help-seeking behaviors that emerged from student learning activities were: (1)
understand example then try; (2) read example then trial and error; (3) help hesitation; (4) no
need of help; (5) seek help excessively; (6) quick attempt then leave; and (7) start with seeking
help then leave. Several of these behaviors have been reported in previous studies, and others are
new findings.
Behavior 1, “understand example then try,” seems to be unique to worked-example-based
ITSs. It was not reported in prior studies on hint-based ITSs. This behavior first starts with
seeking an explanation. Then a typical action pattern in this behavior is the high probability of
“explain to correct” (z-value = 1.78). In other words, students tend to solve the question
immediately following a worked example correctly. Therefore, to automatically detect and
monitor this behavior, a preliminary suggestion is to focus on the attempts starting with helpseeking and then immediately make an attempt correctly after seeking help. Behavior 1 occurred
infrequently, in only 5% of total topic attempts.
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Why is this behavior not observed in hint-based ITSs? A straightforward interpretation is
that a worked example presents the full solution of a problem and introduces the direct
knowledge and concepts; therefore it can function (partially) as an instruction. Hints, on the other
hand, as their designed purpose, are not used to fully introduce the knowledge/skill, but only
reveal a piece of the complete information. Therefore, students in a hint-based ITS would not use
hints as instruction or learn at the beginning of a topic attempt. Students can sometimes receive
direct answers from hints, so immediately requesting hints at the start of an attempt is usually not
encouraged.
Behavior 2, “read example and then trial and error,” is also a behavior that was not
described in studies on hint-based ITSs. The Behavior-2 actors, similar to Behavior-1 actors,
requested a worked example to start their attempts, and only tried after reading the example.
However, the students seemed to make errors in the first one to two attempts. After being wrong,
students continued trying rather than requesting another worked example. Only when getting
three wrongs in a row would the student request a second worked example. Interestingly, after
several tries, correct practices started to occur. Automatically monitoring this behavior would
involve observing the attempts starting with help-seeking, followed by incorrect practice
attempts, but only when the number of total activities in the attempt is four or greater. Using four
activities as a criterion is an effort to exclude attempts similar to Behavior 7, “start with seeking
help then leave,” in which an attempt also starts with seeking help but only has three actions
before the student leaves the attempt (Table 12). Behavior 2 occurred infrequently, only in 3% of
the attempts. Similar to Behavior 1, Behavior 2 is unlikely to occur in hint-based ITSs. This is
because worked examples can be used as an instruction to read before practice, but hints only
reveal a piece of information and are unlikely to be used as a tutorial before attempt.
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Behavior 3, “help hesitation,” is a popular help-seeking behavior that has been introduced
in previous literature. Prior studies called this behavior help avoidance (Aleven et al., 2006) or
little help (Vaessen, 2014). The common activity of this behavior is not seeking help when
needed. In the ALEKS system, the behavior manifests itself in not asking for help after one to
two wrong attempts in succession but with continued trying (z-value of probability of wrong2 to
try is 2.05). Only when reaching three continued wrongs, students turn to help. This behavior
occurred in 14% of attempts, similar to previous studies (e.g., 19% in Aleven et al., 2006). The
typical pattern to identify this behavior is the three continued wrong tries.
Behavior 4, “no need of help,” is a common behavior in ITSs. The behavior describes
circumstances in which the student has mastered the skill and can solve the problem
independently without help. In such circumstances, a student goes directly to attempting the
problem, providing correct answers continuously, smoothly approaching mastery, and finally
reaching mastery. The typical action pattern in this behavior is the low occurrence of wrong
attempts. This behavior occurred in 26% of ALEKS attempts, which is more than one fourth of
total attempts. This is encouraging because it suggests that students can solve problems with
their own ability in one of every four topic attempts.
Behavior 5, “seek help excessively,” is a popular help-seeking behavior that has been
reported in prior studies. For example, Aleven et al. (2006) reported a help-seeking bug called
“help abuse” and Vaessen et al. (2014) found a behavior called “click through help.” The
common activity of this behavior is seeking help continuously and requesting explanation more
than needed. This behavior is hard to monitor when the attempt just starts, because students
using this behavior can start from practice or read the explanation. However, after asking for
three or more worked examples in a row (in the ALEKS system), it is safe to identify the attempt
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as seeking help excessively. This is because, as Table 10 shows, the probabilities of action
patterns “explain2 to explain3” and “explain3 to explain3” are higher than 4 z-values, which
means that the two action patterns are unlikely to occur in the other six behaviors.
Interestingly, “seeking help excessively” only occurred in 2% of topic attempts in the
worked-example-based ITS evaluated in this study. By contrast, a hint-based ITS reported a help
abuse probability of 36% (Aleven et al., 2006). A straightforward interpretation of this
dramatically reduced occurrence in a worked-example-based ITS is that the system can prevent
the students from copying answers and showing artificial success on their own practice. In
worked-example-based ITSs, when a student requests an explanation on a question, the question
will be abandoned from scoring. To gain points, a student needs to independently solve another
question (e.g., same setting in Skromme et al., 2015). Thus, no matter how many worked
examples are read, the score does not increase. This setting discourages the behavior of
requesting several examples without trying to understand them. But as a substitute for the low
rate of excessive help seeking, in a worked-example-based ITS, quickly leaving an attempt after
reading a worked example (Behavior 7) happens frequently (11%). This behavior will be
introduced later.
Conversely, it is hard for hint-based ITSs to abandon a task only because a student
requested a hint, because the tasks in such ITSs are usually large, deep, but limited in number
(e.g., 18 assignments in Functional Programming Tutor; Vanssen et al., 2014). Therefore, the
(partial) answers revealed in hints appeal to the students who do not want to actually learn the
skill. In other words, students can game the hint-based ITS system.
Behavior 6, “quick attempt then leave,” seems to be a unique behavior in workedexample-based ITSs. The attempts involving this behavior contained only five actions on
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average, which included starting and leaving a topic. In other words, students only engaged in
three learning activities before leaving the attempt, the 2nd least of the seven behaviors (Behavior
7 has four actions). A suggestion for how to automatically monitor this behavior is to count the
number of actions a student made before leaving the attempt without mastering the topic, and see
whether the number is less than four. This behavior is the most popular help-seeking behavior in
the ALEKS system, which occurred in 39% of the attempts. The high occurrence implies that
students have a tendency to quit the attempt if they start the attempt by trying to answer the
problem (rather than seeking help) but get the problem wrong. This behavior is not a major
behavior in hint-based ITSs. The reason may be similar to Behavior 5: Hint-based ITSs have
many fewer topics for students to switch to, and the system may force the student to finish the
current topic before trying other topics. A worked-example-based ITS has flexibility to allow
students to abandon the attempt and come back to it later.
Behavior 7, “start with seeking help then leave,” is also unique to worked-example-based
ITSs. When students exhibit this behavior, they begin the attempt with reading a workedexample, but then quickly quit the attempt. In all 23 action patterns related to help-seeking, 19 of
them have a standardized probability that is close to 0 or negative, indicating low probability of
occurrence. The average actions in the attempt also revealed the rare activities in this behavior:
there are only two actions after “get in and leave before the attempt,” which is the least of all
seven behaviors. Thus the typical indicator to automatically detect this behavior is to count the
actions made before quitting the attempt without mastery and see whether it is less than two.
This behavior occurred in 11% of all ALEKS attempts, showing that, generally in one of ten
attempts, the students quit after reading worked examples. The reason that this behavior occurs
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frequently in a worked-example-based ITS but not hint-based ITSs is similar to the reason for
Behavior 6: worked-example-based ITSs tolerates the quitting of attempts.
Association between Help-Seeking Behaviors and Math Learning
Are good or bad math learning outcomes associated with any of the seven proposed
behaviors? This is the most important question to answer in this research. If there are strong
associations between the use of help-seeking behaviors and math learning outcomes, this would
provide evidence for the validity of the seven behaviors found in the current study. Two outcome
measures were used here, one being the mastery (or lack of mastery) of the ALEKS topic
attempts and the other being the score on the standardized state mathematics test taken one
month after the program. Statistically significant differences were found on both outcome
measurements. Specifically, on ALEKS topic mastery, Behavior 1 “understand example then try,”
Behavior 2 “read example then trial and error,” and Behavior 4 “no need of help” were
associated with mastering an attempt, whereas Behavior 3 “help hesitation,” Behavior 5 “seek
help excessively,” Behavior 6 “quick attempt then leave,” and Behavior 7 “start with seeking
help then leave” were related to non-mastery of an attempt.
Generally, the help-seeking behaviors that were related to high performance (i.e., topic
mastery in ALEKS) can be viewed as recommended behaviors. In the current study, two
recommended help-seeking behaviors were found: “understand example then try” and “read
example then trial and error.” Behavior 4 is not mentioned here because it suggests no help is
needed and therefore it represents the learners’ own ability rather than the effect of the system
help. There is a common characteristic of these two recommended behaviors. Namely, students
exhibiting these behaviors started the attempt with reading the worked example if they were not
sure how to solve the problem. This fits with the summary of the review from van Gog and
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Rummel (2010): Seeing an example of the problem prior to attempting the problem is an
effective learning behavior and is more effective than participating only in problem solving.
When observing the correct procedures early in learning, students avoid using an incomplete,
inefficient, or otherwise inappropriate approach to solve problems (van Gog & Rummel, 2010).
In ALEKS, recommended help-seeking behavior occurred in 8% of total attempts, which is
relatively small.
The non-recommended help-seeking behaviors are the ones related to the non-mastery of
topic attempt. Four behaviors were found in the current study, Behaviors 3, 5, 6, and 7, which
included using more help than needed, using less help than needed, quitting after few tries, and
quitting after reading one worked-example. The non-recommended help-seeking behaviors were
shown in 66% of attempts. This is consistent with other findings about usage of system help in
ILEs (Aleven & Koedinger, 2000; Aleven et al., 2006; Köck & Paramythis, 2011). Aleven et al.
(2006) reported the probability of the occurrence of help-seeking bugs to be 73%. Such a
phenomenon suggests that students lack the skill to use or not use system help in a way that
would be adaptive to the scenario.
The second outcome measurement, the NCE scores on the standardized state mathematics
test, also showed a significant negative association with Behaviors 5, 6, and 7. As introduced
above, the negative effects of these three behaviors were also shown in ALEKS attempt mastery.
However, the negative effect of Behavior 3 and the positive effect of Behaviors 1, 2, and 4 were
not duplicated on the standardized state test. These results fit the summary of a recent metaanalysis on the effectiveness of ITSs (Kulik & Fletcher, 2016): The locally developed test tends
to see more learning improvements than standardized tests. That is, the locally developed
problem-solving test examined cognitive skill and is well aligned with curricular objectives,
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whereas standardized tests, especially multiple-choice standardized tests, place more emphasis
on recognition skills (Kulik & Fletcher, 2016).
Last, there is a small but interesting finding that implies something big and is worth some
discussion. Specifically, Table 15 showed that students who used more recommended Behaviors
1 and 2 also used more Behavior 7, a non-recommended help-seeking behavior. This
phenomenon is somewhat surprising at first glance but seems to be reasonable if we think more
deeply about it. These three behaviors all start with reading worked examples. The only
difference is that, in Behavior 7 students quit the learning attempts quickly after reading, whereas
in Behaviors 1 and 2 students made continued tries following the worked example reading.
Therefore it is easy to assume that these students made a judgement after reading worked
examples: If the problem becomes solvable after reading a worked example, they stay in the
attempt and try to answer the problem; otherwise they leave the attempt. This cognitive process
is valuable and implies that these students’ learning is self-regulated. Therefore, to some extent,
Behavior 7 is not always a non-recommended help-seeking behavior. When it is executed after a
self-evaluation, it is not problematic. Though the effect of reading worked examples does not
show up at the current topic attempt, the effect may stay and show at the later attempt of the
same topic. The ALEKS system allows students to quit a topic and come back later. Thus, if
further investigation can be done on the second attempt on topics that were previously quit after
reading a worked example, a high probability of mastering the topic might be observed.
Help-Seeking Behavior and Individual Characteristics
Students’ individual differences were examined in relation to the probability of students’
engaging in the seven identified behaviors. Specifically, the individual factors of interest were
student’s prior knowledge, program attendance, gender, and ethnicity. Results revealed that all
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four factors were related to the behavior probabilities. In particular, high prior knowledge was
associated with high probability of engaging in Behaviors 1 (understand example then try) and 4
(no need of help), and low probability of engaging in Behavior 5 (seek help excessively). In
other words, students with high mathematics ability can usually solve mathematics problems
independently. If they need help, they request help at the beginning of the attempt, understand
the worked example well, and then are correct in their attempts. These students seldom request
system help several times continuously. Because Behaviors 1 and 4 are recommended helpseeking behaviors and Behavior 5 is a non-recommended behavior, students with high prior
knowledge use more recommended help-seeking behaviors and avoid the non-recommended
behavior, which is very reasonable. In addition, the students who attended the program longer
engaged less in Behavior 5 (seek help excessively). This finding is interesting. It seems that the
students involved in the program longer were unlikely to keep requesting worked examples. It is
likely that when students learn with the system for a longer time, they understand that requesting
more worked examples does not help with successfully answering the problem. Finally,
Caucasian males, African American males, Caucasian females, and African American females
tended to have different preferences in relation to Behavior 2. Though an extraordinary
difference of any single gender-ethnicity group was not observed, the results imply that helpseeking behavior taking is different across genders and ethnicities to some extent. This is an
interesting direction that merits further research.
Help-Seeking Behavior and Topic Characteristics
The data showed that six ALEKS mathematics topics were associated with six different
combinations of help-seeking behaviors. For example, the “Algebra” topic attempts contained
more recommended behaviors (1, 2, and 4) and fewer non-recommended behaviors (3, 5, and 6).
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Exactly the opposite, the “Whole Number” topic had more non-recommended behaviors (5, 6)
but fewer recommended behaviors (1, 2). This finding is important indicating that the
characteristics of topics have an impact on help-seeking behavior choices. Overall, the difficulty
of a topic type is a straightforward guess of the reason for this pattern but there is no evidence
indicating that the six ALEKS topic types have obvious differences in difficulty level.
A probable reason for the different behavior preferences depending on topic type is the
beginning knowledge level. Six ALEKS topic types can be grouped into three groups by students’
beginning knowledge of these topic types. “Whole Numbers” had the highest student beginning
knowledge (50%), and students tended to try a problem instead of reading the worked example at
the beginning of an attempt, even though they may fail the attempt eventually. For the topic
types with medium beginning knowledge (10% to 20%) or low beginning knowledge (no more
than 5%), students’ help-seeking behavior preferences were not completely consistent. This
implies a third factor that interacts with beginning knowledge and affects the behavior
preferences at the same time. Unfortunately, the current study did not collect data on other
characteristics of topic types. For instance, research on format differences across topics, such as
the representation of worked examples as mathematical symbols, regular text or argumentation
(Beitlich et al., 2015), may reveal some answers to this question. Future research on workedexamples in an ITS should be encouraged to collect detailed information regarding topic type.
Additionally, students who need help on a topic may need help because of a lack of skills
required to solve the topic, but it may also be the case that the tutoring system did not prepare the
students well for this topic. The topic type “Proportions, Percents, and Probability,” for instance,
was frequently attempted with Behavior 5 (seek help excessively). This may be because the
system does not optimize the order in which students work on the topics. First working on topic
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A and then topic C may trigger the students to excessively seek help on topic C. Alternatively,
first attempting topic A, then topic B, and then finally topic C may allow the students to solve the
problem C independently (no need of help). A detailed analysis on the order of presenting topics
would shed light on this interesting and valuable question of ILE design.
Findings and General Theory of Learning
The findings from this research are consistent with the general theory of learning
(Chi & Wylie, 2014) as well as the theory of learning in ILEs. Particularly, Chi and her
colleagues proposed an ICAP framework to differentiate levels of cognitive engagement
in active learning (Chi & Wylie, 2014). ICAP is short for interactive, constructive, active,
and passive, which are four cognitive engagement levels. In the instance of learning from
a worked example, “passive” is receiving information, such as reading the contents line
by line. “Active” is manipulating, such as highlighting sentences. “Constructive” is
generating, such as self-explaining. ”Interactive” is dialoguing, such as discussing with a
peer. These four engagement levels lead to four levels of understanding the learning
material from low to high: passive < active < constructive < interactive.
Using the ICAP framework, the help-seeking Behavior 1 (understand example then try)
and Behavior 2 (read example and then trial and error) seem to be constructive. Students deeply
understand the knowledge in worked examples, then apply the knowledge to later practices, and
finally generate positive learning outcomes. Behavior 5 (seek help excessively) and Behavior 7
(start with seeking help then leave) seem to be passive. Students read the content of worked
examples, but do not relate it to the next problem and make inferences, so they cannot generate
good learning outcomes. Interpreting the findings in the ICAP framework provides a chance to
understand the help-seeking behaviors more deeply.
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Implications for Research and ILE Design
The analysis approach in this research utilized DMM together with k-means clustering.
This approach is different from the one used in Aleven et al. (2006) – model tracing and
Bayesian knowledge tracing. A drawback of their method is that Bayesian knowledge tracing
uses only the first problem attempt on each topic. This assumption works well for some ITSs
(e.g., Cognitive Tutor), but throws out too much valuable information for some other ITSs (e.g.
ALEKS has 70% of attempts as non-first attempt). A second drawback is that their method
requires information about students’ skill level and time spent on every step. For studies that do
not have such data, it is hard to implement. The approach used in the current research is easier to
apply to ITSs with various designs, as it does not depend on these assumptions or having this
information.
The findings of this research can be applied to ILE design and optimization. The reported
findings are also relevant to ITS developers, for teachers using ITSs in their class, and for
students using ITSs for domain learning. Many students do not know how to effectively seek
help and are likely to use non-recommended strategies. ITS developers might add real-time
monitoring to capture the typical activities highly related to ineffective help-seeking behaviors,
then provide feedback on such activities or even deny some help requests. Studies have found
that feedback has positive effects on the improvement of students’ help-seeking behavior
(Aleven, Roll, McLaren, & Koedinger, 2010; Aleven et al., 2016; Roll, Aleven, McLaren, &
Koedinger, 2007a, 2007b, 2011). Directly restricting help-seeking behavior can also promote
learning (Baker et al., 2006; Luckin, 2013; Murray &Vanlehn, 2005; Wood & Wood, 1999).
Teachers might also teach students which behaviors are related to better or worse learning, and
encourage students to use help functions more effectively. Finally, the system might present brief
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explanations about help-seeking to the students, helping them to identify their behaviors, and
their potential effects on their learning, encouraging the students to self-monitor their behaviors.
Limitations and Future Direction
Behavior differences on topic types were observed in the study. However, reasons for
such a phenomenon are still pending investigation. The evidence implies that the overall
difficulty of the topic type is not the main reason. Future studies can collect information on the
characteristics of the questions and worked examples, and can improve the design of problems,
to promote students’ use of desired and recommended behaviors rather than non-recommended
behaviors.
Furthermore, some topics were associated with a high help-seeking occurrence. This
phenomenon may be because students were unskilled in such topics or because the system did
not prepare students well for these topics, so a knowledge gap occurred. We may observe the
following behaviors in the learning log: students who first tried topic A then topic C needed a
large amount of help on topic C; but students who first practiced on A, then B, and lastly C did
not need help on topic C. Topic B worked as a bridge for the knowledge gap between A and C. If
detailed analyses can be conducted on such behaviors, we may find the optimal order to organize
the topics, which would be very useful for optimizing the system design.
Time on activities is also an important measurement of help-seeking behaviors. For 17
typical help-seeking behaviors summarized by Ogan et al. (2015), 10 of them were related to the
length of pause after an activity. Future analysis on time would provide more information and
could provide the basis to re-evaluate the behaviors found in the current research.
Last, the students in the current study had generally low math ability and were from lowincome families. In addition, the learning behaviors analyzed here were from an after-school
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program. Therefore, cautions are needed when generalizing the findings of the current study to
other populations and scenarios.
Conclusion
The current research was the first study that empirically investigated the full list of helpseeking behaviors that students used in a worked-example-based ITS. This work explored the
association between behavior choices and mathematics learning. Additionally, this is the first
attempt to model help-seeking behaviors in worked-example-based ITS, which contributes
evidence relevant to theories on help seeking. The findings can be used for designers of ITS
systems to detect the occurrence of help-seeking behaviors, describe the help-seeking behavior in
detail, and enhance the help function for possible interventions. The results can also be used to
help teachers and students to understand different behaviors and their consequences for learning
and therefore purposefully adjust their behavior to promote learning.
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